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CAMUSS, a Symposium on Cellular
Automata in Geography and Urban
Studies

Nuno Norte Pinto

Cellular Automata (CAnodelshave beemsedin Geogaphy and Urban Studies for
some decades now, becoming one of the most popular concepts in contemporary
spatial modeling.

CA models are today very sophisticated, having evolved significantly both in
theoretical and in practical terms, with many modelsadlyebeirg used to support
policy design in different geographic contexts.

CA have gained a sound scientific presence inGeegraphy and Urban Studies
literature. A quick and neexhaustive search on the Web of Knowledge gives us
more than 1900 papersénur bano or fAspat ioayl®91l.CA publ i s
However, it seems that the discussion over i@&inly happenedn the literature

When many colleagues were asked if they could remember of one large, dedicated
meeting on CA in Geography and Urban Studilkey always gave the same answer:
they remembered none.

Despite some short and usually very local workshops about CA, and many parallel
sessions dedicated to CA, usually in the same Geography and Geocomputation
conferences, there is no memory of a largeeeting that had focused on the
complex scientific structure that CA already has.

Such a meeting is, in my opinioessentiglespecially now, when new computation
capabilities are available, and whén is easier to handldarger and more
disaggregateddatasets, increasing the simulation capacities of other modeling
concepts such as agdrdsed simiation.

| wish to welcome you to CAMUSS, tifrst) International Symposium on Cellular
Automata Modeling for Urban and Spatial Systems.

CAMUSS was launchiewith a simple program: tbring togetheresearchrswho
have been and stilhre working on CA modeling applied to urban and spatial
systems.

CAMUSS ains to create the proper forum fordeepreflection on the scientific
history of CA in Geography and blan Studies through the presentation of the state
of-the-art research on CA, and to devise a new research agetiua field for the
nextyears
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In spite of the very high level of specification that CAMUSS was targétingly
CA-linked submissions weraccepted it was really satisfying to be able to gather
such a significant group of contributions from all the corners of the world.

More than fifty contributions were submitted and more than forty were accepted to
the program, authored by more thanatjnresearchers.

The program has fourteen parallel sessions, each one focusing on a main topic
related to CA. Parallel sessions were scheduled to provide participants the proper
time to present their research and to have a fruitful discussion with aenaadf

true experts on CA.

The program has three keynote lectures by three of the most influential researchers
and authors on CA:

A Professor Michael Batty, Director of CASA aBartlett Professor of Planning,
University College London, United Kingdgm

A Professor Helen Couclelis, Professor at the Department of Geography of the

University of California at Santa Barbara, United States of America

Professor Roger White, Professor at the Department of Geography of the

Memorial University of Newfoundland, Canada

>

This is what | believe to be the proper setting for having a deep discussiorthabout
history of CA as a modeling tool iseography and Urban Studieshdaboutwhat
will be the future research on CA in the mahd longterm

The goal of CAMUSS waslready accomplishedby the quality of the work
presented in these Proceedings.

| would like to thank all the members of the Scientific Committee for their precious
help on evaluating the quality of the submissions.

| would also like to thank the importafihancial and logistic support provided by
our sponsors, namely the European Research Group on Spatial Simulation for Social
Sciences, S4, th@eography and Spatial PlanniRgsearctCentreof the University

of Luxembourg, the Gulbenkian Foundation, andRESas well as the Centre for
Land Policy and Valuation of the Technical University of Catalonia, and the Centre
for Advanced Spatial Analysis Biniversity College LondonA word of gratitude is

also due to the Norte Region Planning and Regional Develup8@mmission, as

well as to the Tourism Offices of Porto, Vila Nova de Gaia, and Douro for their
valuable support.

A final word is due to the members of the Organizing Committee, Joana Dourado
and Ana Natalio, for their dedication and contributit;m the success of the
Symposium, and to Professor Helena Pina, for her valuable collaboration in
organizing the scientific component of our social program.

Bem hajanf

uThetraditional/vay t o s awllvietrhyanmku cyhodou i n Portugal .
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Li et al., Development and applications of urban cellular automata in China

Development and applications of urban cellular
automata in China

Xia LI Yimin CHEN; Bin Al
schoolof GeographyndPlanningSunYat-sen
University, Guangzhou51®75,PR
China;
Email: lixi a@mail. sysu.edu.cnljixia@graduate.hku.hk

Keywords: cellularautomataurban development,hiha

Abstract”

China has come to a new era of rapid urbanization and urban expansion. Since the
late 1990s, many studies on using cellular automata techniques have been carried out
to tackle urban and regional development problems. Cellular automatah@va)

been used as a useful tool to support land use planning and policy analysis as well as
to explore scenarios for future development in this fast developing country. There is
a growing demand for the application of CA in some planning departmentsan maj
Chinese cities. Especially, many applications are found in the coastal cities, such as
Guangzhou, Dongguan, Shenzhen, Shanghai and Beijing in China. Significant
modifications have been made so that CA can be suited to a lot of urban simulation
and planing tasks in this region. Much effort has been made to generate a high
degree of reality in urban simulation by using a richer set of GIS data for the
calibration. Some classical CA models have been established by Chinese scholars
who have used a varietyf intelligent methods, such as MCE, ANN, and GA
methods, for calibrating these models

1. Rapid urbanization and urban expansion in China

In the 20th century, rapid urbanization has become a typical geographical
phenomenorbecausef ecoromic development and population growth aroundthe
world. For example,the urbanpopulation inceasedrom 220 million in 1900to 732

million in 1950(29% of the worl d @opuation), andto 3.3 billion (the first time in

histary over half of thew o r | pdpoilation)in 2007 (Potsiou,2010). The growth

trend contirues into the 21th centuy as 60% of the w o r | pdplulationwill be
urbanizedby 2030 accoding to the report. This rush to the cities has resulted in
unprecéerted urbanexpansiorandland usechangesin many fast growing regions,
associatingvith severeemlogicd, economicandsocial problems.

Ch i nwbanization befare 1980s was slow and even stagnatedduring the

Cultural Rewlution (19661976) (Heand Wu2005). The ecolmmic reformsunder

Deng Xiagingés leadership broke many bottlenecksand strongly stimulate the

* This contribution hasitsrefei c e s i n -Bat A uft hromat .
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urban development. The policy of ecoromic decentralizaion resulted in the
diversificationof investmensaurces(e.g. foreign direct invesments); while the land
leasingsystembecane an éfective way to bring local reverue and also the tactic to
attract investorsto promotelocal econany (Wu 1998). Inaddition, the reforms in
householdregistration (hukou) system smoothedthe urbarrural migration that
increasedurban population and speededup the urbaniation process(Chan and
Zhang 1999. In postreform China, rapid urban expansion wasvitnessedin the
coastalareas t is repated that urbanland increased40-60% during 19901995 in
Pearl River Delta (8.11%), Yangtze River Delta (54.29%)and BeijingTianjin-
Tangsharzone (42.18%)(Tian et al. 20095. However,the fast urbanizatiorpaces
causedthe seriousproblem of farmland loss in eastern China (Setoet al. 2000).
While in the hinterland, the quantityof arable land increased becaus# the change
of production corditions, econamic benefits and climatic conditions(Liu et al.
2003.

2. Cellular automata for urban simulation and planning in China

A better understandingof these changes ismportant for tackling various urban
planningand environmentalmanagementssuesin this fast growing county. There
is a demandto developa kind of simulation modelswhich can assistthe complex
decisionmaking processesassociated with the economic and development
transition.The fastemegence of geogephical cdlular autanata (CA) in China has
been witnessedincethelate 1990s.A numberof CA modelshave beenproposedo
solve the complexurban and regimal developmeniproblems in this region. For
example, Wu(1998)developeda CA model,SimLand,to simulateruralurban land
conversion by incorporating the multi-criteria evauation (MCE) method. The
logistic regressionmethodwas proposedto calibrateCA modelsby usingtraining
data(Wu 2002,Li etal. 2008. Li andYeh (2@2) proposeda neuralnetworkbased
CA (ANN-CA) modelto reducetheinfluence ofspatialautocorrelatiorin urbanand
land use simulation. An advantage of this model is that spdia variables are not
necessarilyequired to bendependenif each other.Attemptshave also been made
by using geetic algorithmsto calibrateCA models(Li et al. 2008).Recenty, A
GeographicaSimulationand Optimization System(GeoSOS)s proposedoy Li et
al. (2011).GedSOS is a computerbasedsystem to simulate,predict, optimize,and
display  geographical patterns and  processes (downloaded at
http://www.geosimulatiorcn/). As a bottomup approachGGeoSOSconsistof three
major integatedcomponerg, CA, ABMs, and SIMs. This systemis equiped with
somecommonCA algorithms,suchas MCECA, logistic-CA, PCA-CA, ANN-CA,
and DecisiortreeCA. It also provides spatal optimization algaithms (eg.
fadlity-siting, path-finding, and area optiization) by modifying antalgorithms.

To presait a review on applicationsof urban CA modelsin China, we used
Google Scholar toseach intenational articles with the keyword combinations of
ficellular autanaa + land usechange+ Chi n a 0 ficaluladautomata + urban +
Chinad. Thereafter the articles were manually filteredto match the topic. Finaly, 44
articleswere selededfor this review. We have not includedChinesepapers obooks
in the anaysis. For example, Zhouet al. (1998) published a Chinesebook titled

4| Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2012
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fi Ge o g r @gllaracuat! o nvhithastodd have someinfluenceson the study

of cellular aubmatain China.

Tade 1 lists these applicaions with the information of the model and the
validation method. Most of the CA applcations are within those coastal cities in

easternChina. This is not surprisedbecawe this part of China is experiencing
the fast industialization andurbanization ppcesses (Setand Fragias 2005, Luo

and Wei2009,Deng et al. 2010. However,the rapid urbandevelopment also gives

rise to a lot of ecologicaland environmentalissues(Li et al. 2007, Deng et al.

2009, Fang et al. 2009). Therefae, thesecitiesin easternChina can be theperfect

experiment fields for the implementationof various CA modelsfor the assessnm

of urbandevelopmentpolicies. Fromthe perspectve of regional studiesusing CA

models, there are two notable application aeas: Pearl River Delta (PRD) and
Northern China. The PRD is one of the ecoromically dynamic regions andthe
w o r |fambéusmanufacturingoase. This region alsosuffersseriousenvironmental
problems causedby fast urbanization, including the loss of farmland (Seto et

al. 2002,Li and Yeh 2004a) the degradatiorof mangroveforest(Liu et al.2008a),

air pollution (Guo et al. 2006, etc. Researhers, such as Wu (1996) and Li and
Yeh (2000), broughtin the CA modelsto addess the issuesof sustainableurban
developmenin PRDduringlate 1990s.Thesewere alsothefirst CA applicationsn

China. The region of Northern Chinaspansfrom moist zone, semi-moist, semiarid

zoneand arid zone with obvious climate trarsition and regional differences(He et

al. 2005). This region cortains the agiculture-pasture transiton zone, and the
environmentindecosystemhere are relatively vulnerable. Studiesconductedby He

et al (2005), Li and He (2008), and Chen et al (2008) mainly focus on the

assessing thgotertial impacts ofland use/cover chage onthe loa ecosystems.

It can beseenfrom Tablel that thosewidespead modelsin Chinaare the family of

CA modelsbasedon multi-criteria evauation (MCE-CA) (Wu and Webste1998)or

artificial neural network (ANN-CA) (Li and Yeh 2002),and the SLEUTHmodel
(Clarkeet al. 1997). This iselated to be prosand cons when appng thesemodels
to the specifc simulationproblem. The family of the MCECA modelscdculates
the cevelopment pobabiliity of a &l from the weighted sumor product ofa group
of factors(Santéet al. 2010. Thus themainissuewhen usingMCE-CA for urban
simulationis how to soundlydefine the weights of the factorsUsually this requires
the sophistiated domain knowledge or expertisein the field of urban studies.
Lately, researcherglevelgped several appoades to automaticallycalibrate the

model, suchaslogistic regession(Wu 2002)and MonteCarlo gproach (Chen eil.

2002. More recenty, techriquesfrom artificial intelligence are introduced for the
calibration of CA modek, including geetic algorithms(Li et al. 2008), support
vectormachines (Yangtal. 2008, swarm intelligace (Liu etal. 2008c, Fengetal.

2011), artificial immune systens (Liu et al. 2010), etc.For along time, urben

simulaton using thesemodels hasheen simplified into the simulation of, for a

particular land use type (e.g., built-up areg, i ¢ hyedror n o t(developed or

undeseloped). This is caused by the difficulty in hardling the complex
interactionsamongvariousland use types. Suchproblemcanbe solved by usingthe

ANN-CA. The nonlinearity of ANN makesit possiblein dealingwith the complex
relationshipsof land useconvesion. Thusthe ANN-CA canfit well the objective of
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simulating thechange of multiple land usetypesin a large area, suchas northern
China(Li andHe 2008).

Tablel Selectedstudieson using CA for urbansimulation in China

Article Model Study area Validation method
Kuang ANN-CA Beijing, Kappa index and PCM
(2011) Tianjin and

Tangshan
Chen et al MCE-CA Beijing Cell-by-Cell comparison
(2002) (Mont-Carlo
calibration)
Long et al Logistic-CA Beijing Cell-by-Cell comparison
(2009)
Yang et al ANN-CA Beijing N/A
(2011)
He et al SD-MCE-CA Beijing Kappa index
(2006) (Mont-Carlo
calibration)

Wang et al MCE-CA Beijing N/A
(2006)

Pan et al CLUE-S Beijing Kappa index
(2010)

Liand Yeh ANN-CA Dongguan Cell-by-Cell comparison
(2001)

Liand Yeh Grey-cell CA Dongguan N/A
(2000)

Liand Yeh Decision-Tree CA Dongguan Cell-by-Cell comparison
(2004b)

Huang and MCE-CA (GA Dongguan Cell-by-Cell comparison

Gao (2011) calibration)

Wu et al ANN-CA Dongying Fuzzy Kappa index
(2010)
Liet al GA-CA Guangzhou Cell-by-Cell comparison
(2008) and Dongguan
Liu et al ACO-CA Guangzhou Cell-by-Cell comparison
(2008¢) and Kappa index
‘Wu (1996) Fuzzy-CA Guangzhou N/A
Wu (2002) Logistic-CA Guangzhou Cell-by-Cell comparison
and Moran [
Liu et al Kernel-based CA Guangzhou Cell-by-Cell comparison
(2008b) and Kappa index
‘Wu and MCE-CA Guangzhou Cell-by-Cell comparison
Webster
(1998)
Gong et al Logistic-CA Guangzhou Cell-by-Cell comparison

6 | Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2012
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Tablel (cont) Selectedstudieson using CA for urbansimulationin China

Article Model Study area Validation method
(2009)
Liu and SLEUTH Hangzhou Lee-Sallee statistic
Liu (2009)
Ke (2006) N/A Jiangning N/A
(Nanjing)
Xu et al SLEUTH Lanzhou N/A
(2006)
He et al sD-CA Northern Cell-by-Cell comparison
(2005) China and Kappa index
Liand He SD-ANN-CA Northern Cell-by-Cell comparison
(2008) China and Kappa index
Chen et al 1CLUE Northern Cell-by-Cell comparison
(2008) China
Liand Liu CBR-CA Pearl River Cell-by-Cell comparison
(2006) Delta and Kappa index
Liu et al ATS-CA Pearl River Cell-by-Cell comparison
(2010) Delta
Fan et al Markov-CA Pearl River N/A
(2008) Delta
Fu et al MCE-CA Qingdao N/A
(2010)
Wang et al Markov-CA Rizhao N/A
(2009)
Huang et al MCE-CA Shanghai Cell-by-Cell comparison
(2008)
Han et al sSD-CA Shanghai Kappa index
(2009)
Feng et al PSO-CA Shanghai Cell-by-Cell comparison
(2011) and Kappa index
Zhang et al MCE-AHP-CA Shanghai Assessment of quantity and
(2011) location disagreement
Xietal SLEUTH Shenyang and Kappa index
(2010) Fushun
Wu et al SLEUTH Shenyang ROC curves,
(2009) multiple-resolution error
budget and landscape
metrics
Yang et al SVM-CA Shenzhen Cell-by-Cell comparison
(2008) and Kappa index
Sui and MCE-CA Shenzhen Cell-by-Cell comparison
Zeng
(2001)
Wang and RBFN-based CA Shenzhen Figure of mernit
Li (2010)
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Tablel (cont) Selectedstudieson using CA for urbansimulationin China

| Article Model Study area Validation method
Xie et al ABM-CA Suzhou Cell-by-Cell comparison
(2007)
Cheng and MCE-CA Wuhan Visual comparison
Masser
(2002)
Cheng and MCE-CA Wuhan N/A
Masser
(2003)
Li et al Population Xi'an N/A
(2003) diffusion model
Liu et al ANN-CA Xiangtan N/A
(2011)

The wealness of this modelis its lack of the explaatay power about he
geographical pocess. This isk to he blackbox essencef ANN. Comparedwith
the ANN-CA, the SLEUTH model differentiates thgrowthtypes into spontaeous
growth, new spreadingcenter growth, edge growthand road-influenced growth.
Thus theSLEUTH model canhelp usersbetter understand the urbanizatioropess
of the study area.However, because the calibratiomethodis a bruteforce method,
the time-consuming calibration procedure bemmes the maor drawback of
SLEUTH. Therefae, it can be extrmely difficult to appy the SLEUTH inlarge
areawith fine resolutiondata.

In most of the studies shownin Table 1, CA models were used to simulate real
urbanformsbasedon the replication of the histarical growth processThe success in
replicating historical urbangrowth indicates lhat the model is able tocapture the
regulaity of the evolution of urbanforms. Thereater the model is usedto predict
the potenial future form by means of scenario snulations.These apdicationshave
demonstratethe powerof CA models forproducerealistic urban forms as aneais
to find solutions for practicgbroblems. For example,He et al (2006) incorporated
systemdynamics (SD) with CA to simulate the urbanexpanson of Beijing during
19942001, and predict the development paterns under differentpolicies with
respect tothe limitation of water resourcesand ervironmental deteioration. In
addition to he simulation of real urban forms, CA models were alsopopuar in
studies on exploring explore and validate hypotheti@ ideas relatedto uiban
dynamics(Santéet al. 2010. The very first exampleis Wu (1996), in which the
authorintegated fuzzy set theay and CA to model sustainale urbandevelopment.
Li andYeh (2000) usedthe constraned CA modelto assesthe benefits of compact
developnent in fast growing city. Recent studies also reveal the utilization of
artificial intelligence toproducethe hypothetical urban forms, such as genetic
algorithms(Li et al. 2008)andartificial immunesystemgLiu etal. 2010.
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3. Conclusion

Chinahascometo a new era of rapid urbanizatbn and urban expansion. Sincethe
late 1990s,many studies onusing cellular automatatechniqies have beencaried
out to tackle urban and regional development problams. Cdlular autanata (CA)
havebeenused as useflil tool to supportland useplanningand policy analysis as
well asto explore scenaios for future developmentin this fast developing county.
Thereis agrowing demandfor the applicdion of CA in someplanningdepartments
in major Chinese cities. Egpecially, many applicationsare found inthe coastal cities,
suchasGuargzhou, Donggua, Shenzha, Sharghai andBeijing in China.
Significant modificationshave been made sotha CA can be suited to alot of urban
simulaton and planning tasks in this region. Much effort has been made to
generatea high degreeof reality in urban simulationby using a richer setof GIS
data for he cdibration. Some dassical CA modelsiavebeen etablishedby Chinese
scholarswho have used a variety of intelligent methods,such as MCE, ANN,
and GA methods,for calibrating these models (Wu 1998, 20@, Li 2000, 20,
2011).

References

Chan, KW. & Zhang, L., 1999. The hukou system and +ura&n migration in China:
Processes and changes. The China Quarterly, (1603%5L8

Chen, J., Gong, P., He, C., Luo, W., Tamura, M. & Shi, P., 2002. Assesefmire urban
development plan of Beijing by using a @ased urban growth model. PE & RS
Photogrammetric Engineering & Remote Sensing, 68 (10),-1083.

Chen, Y., Li, X., Su, W. & Li, Y., 2008. Simulating the optimal lamk pattern in the
farmingpastoral transitionalzone of Northern China. Computers Environmentand
Urban Systems, 32 (5), 4@L4.

Cheng, J. & Masser, |., Year. Cellular automata based temporal process understanding of urban
growth. In: Bandini, S., Chopard, B.& Tomassini, M., ed. 5th International
Conferenceon Cellular Automatafor Researchand Industry, Geneva,Switzerland,
325-336.

Cheng, J. & Masser, |., 2003. Urban growth pattern modeling: a case study of Wuhan city, PR
China. Landscape and Urban Planning, 62 (4);2BR

Chryssy Potsiou, 2010. Rapid Urbanization and Mega Cities: The Need for Spatial Information
Management, the International Federation of Surveyors (FIG) report, Kalvebod
Brygge 3133, DK-1780 Copenhagen V, Denmark.

Clarke, K., Hoppen, S. & Gaydos, L., 1997. A selbdifying cellular automaton model of
historical urbanization in the San Francisco Bay area. Environment and planning B,
24, 247262.

Deng,J.S.,Wang,K., Hong, Y. & Qi, J.G.,2009. Spatioctemporaldynamicsand evolution of
land use change and landscape pattern in response to rapid urbanization. Landscape
and Urban Planning, 92, 187198.

Deng, X., Huang,J., Rozelle,S. & Uchida,E., 2010.EconomicGrowth andthe Expansion of
Urban Land in China. Urban®ties, 47 (4), 81-B43.

Fan, F., Wang, Y. & Wang, Z., 2008. Temporal and spatial change detecting Z0038and
predicting of land use and land cover in Core corridor of Pearl River Delta (China) by
using TM and ETM+ images. Environmental Monitoring akg&sessment, 137 (1),
127-147.

Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2912



Li et al., Development and applications of urban cellular automata in China

Fang, M., Chan, C. & Yao, X., 2009. Managing air quality in a rapidly developing nation:
China. Atmospheric environment, 43 (1)-86.

Feng, Y., Liu, Y., Tong, X., Liu, M. & Deng, S., 2011. Modeling dynamic urban growth using
cellular automata and particle swarm optimization rules. Landscape and Urban
Planning, 102 (3), 18896.

Fu, Q., Song, J., Mao, F. & Zhou, W., Year. Simulation of city development using cellular
automata and agent based integrated model: A case studyngda@ cityed. 18th
International Conference on Geoinformatics|IEEH. 1

Gong, J., Liu, Y., Xia, B. & Zhao, G., 2009. Urban ecological security assessment and
forecasting, based on a cellular automata model: A case study of Guangzhou, China.
Ecological Moetlling, 220 (24), 361:3620.

Guo, H., Wang, T., Blake, D., Simpson, I., Kwok, Y. & Li, Y., 2006. Regional and local
contributions to ambient nemethane volatile organic compounds at a polluted
rural/coastalsite in Pearl River Delta, China. Atmosphericervironment, 40 (13),
23452359.

Han, J., Hayashi, Y., Cao, X. & Imura, H., 2009. Application of an integrated system dynamics
and cellular automata model for urban growth assessment: A case study of Shanghai,
China. Landscape and Urban Planning, 91 (3);148B

He, C., Okada, N., Zhang, Q., Shi, P. & Zhang, J., 2006. Modeling urban expansion scenarios
by coupling cellular automata model and system dynamic model in Beijing, China.
Applied Geography, 26 (8), 323345.

He, C., Shi, P., Chen, J., Li, X., Pan, Li, J. & Li, Y., 2005. Developing land use scenario
dynamics model by the integration of system dynamics model and cellular automata
model. Science in China Series D: Earth Sciences, 48 (11);198%0

He, S. & Wu, F., 2005. Propeftgd redevelopmenin pos#teform China: a case study of
Xintiandi redevelopment project in Shanghai. Journal of Urban Affairs, 27-¢3, 1

Huang, G. & Gao, W., 2011. Simulation Study on CA Model Based on Parameter Optimization
of Genetic Algorithm and Urban DevelopmeRtocedia Engineering, 15, 2£2379.

Huang, H., Zhang, L., Guan, Y. & Wang, D., 2008. A cellular automata model for population
expansion of Spartina alterniflora at Jiuduansha Shoals, Shanghai, China. Estuarine,
Coastal and Shelf Science, 77 (1);5&

Ke, C.Q., Year. Urban Growth Modeling of JiangningThrough Cellular Automataed.|IEEE,
14891492.

Kuang, W., 2011. Simulatingdynamic urban expansionat regionalscalein Beijing-Tianjin-
Tangshan Metropolitan Area. Journal of Geographical Sciences, 21 (233817

Li, L., Sato, Y. & Zhu, H., 2003Simulating spatial urban expansion based on a physical
process. Landscape and Urban Planning, 62)(6776.

Li, X. & Liu, X.P., 2006. An extended cellular automation using dz&sed reasoning form
simulating urba development in a large complex region. International Journal of
Geographical Information Science, 20 (10), 1-1036.

Li, X., Yang, Q.S. & Liu, X.P., 2008. Discovering and evaluating urban signatures for
simulating compact development using cellular mata. Landscape and Urban
Planning, 86 (2), 17186.

Li, X., Yeh, A.,, Wang, S., Liu, K., Liu, X., Qian, J. & Chen, X., 2007. Regression and
analytical modelsfor estimatingmangrovewetland biomassin South China using
Radarsat images. International JoliofeRemote Sensing, 28 (24), 556%82.

Li, X. & Yeh, A.G., 2002. Neuratnetworkbased cellulamutomatafor simulating multiple
land use changes using GIS. International Journal of Geographical Information
Science, 16 (4), 32343.

Li, X. & Yeh, A.G.0O.,2000. Modelling sustainable urban development by the integration of
constrained cellular automata and GIS. International Journal of Geographical
Information Science, 14 (2), 13562.

10| Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2012



Li et al., Development and applications of urban cellular automata in China

Li, X. & Yeh, A.G.O., 2001. Calibration of cellular automata by usingralenetworks for the
simulation of complex urban systems. Environment and Planning A, 33 (8); 1445
1462.

Li, X. & Yeh, A.G.0O., 2004a. Analyzing spatial restructuring of land use patterns in a fast
growing region using remote sensing and GIS. Landscap¥irach Planning, 69 (4),
335-354.

Li, X. & Yeh,A.G.O.,2004b.Datamining of cellularautomata'sransitionrules. International
Journal of Geographical Information Science, 18 (8);728.

Li X, Chen Y M, Liu X P, Li D, He J Q., 2011. Concepts, methodis, and tools of an
integrated Geographical Simulation and Optimization System (GeoSOS). International
Journal of Geographical Information Science. 25(4)j 633

Li, Y.C. & He, C.Y., 2008. Scenario simulation and forecast of land use/cover in northern
China. Chinese Science Bulletin, 53 (9), 1401.2.

Liu, F., Zhang, Z., Sun, F., Zuo, L. & Wang, X., Year. Urban Spatial Expansion of Xiangtan
City, China.In: Li, X., ed. Geoinformatics 2011The 19th International Conference
on Geoinformatics Shanghai, i@h, 1-8.

Liu, J., Liu, M., Zhuang, D., Zhang, Z. & Deng, X., 2003. Study on spatial pattern efitmnd
change in China during 1988000. Science in China Series D: Earth Sciences, 46 (4),
373-384.

Liu, K., Li, X., Shi, X. & Wang, S.G., 2008a. Monitoringangrove forest changes using
remote sensing and GIS data with decidiee learning. Wetlands, 28 (2), 3386.

Liu, X., Li, X., Shi, X., Wu, S. & Liu, T., 20085imulating complex urban development using
kernetbasedhorntlinearcellularautomataEcological Modelling, 211 (1-2), 169181.

Liu, X., Li, X., Shi, X., Zhang, X. & Chen, Y., 2010. Simulating lanse dynamics under
planning policies by integrating artificial immune systems with cellular automata.
International Journal of Geographical InfornoatiScience, 24 (5), 78302.

Liu, X.P., Li, X., Liu, L., He, J. & Ai, B., 2008c. A bottomp approach to discover transition
rulesof cellularautomatausingantintelligence.Internationallournalof Geographical
Information Science, 22 (112), 12471269

Liu, Y. & Liu, X., Year. Applying SLEUTH for simulatingurbanexpansiorof Hangzhoued.,
7471041.

Long, Y., Mao, Q. & Dang, A., 2009. Beijing Urban Development Model: Urban Growth
Analysis and Simulation. Tsinghua Science & Technology, 14 (6},/9282

Luo, J. & Wei, Y., 2009. Modeling spatial variations of urban growth patterns in Chinese
cities: The case of Nanjing. Landscape and Urban Planning, 91 {84, 51

Pan, Y., Roth, A., Yu, Z. & Doluschitz, R., 2010. The impact of variation in scale on the
behaiior of a cellular automataused for land use changemodeling. Computers,
Environment and Urban Systems, 34 (5),-408.

Santé, |, Garcia, A., Miranda, D. & Crecente, R., 2@éllular automata models for the
simulation of reaworld urban processes: feview and analysis. Landscape and
Urban Planning, 96 (2), 160822.

Seto, K. & Fragkias, M., 2005. Quantifying spatiotemporal patterns of urbarusandhange
in four cities of China with time series landscape metrics. Landscape Ecology, 20 (7),
871-888.

Seto, K., Woodcock, C., Song, C., Huang, X., Lu, J. & Kaufmann, R., 2002. Monitoring land
use change in the Pearl River Delta using Landsat TM. International Journal of
Remote Sensing, 23 (10), 193604.

Seto, K.C., Kaufmann, R.K. & Woodcock, C.E., 20@@&ndsat reveals China's farmland
reserves, but they're vanishing fast. Nature, 406 (6792)1221

Sui , D. & Zeng, H. , 2001. Model ing the dynami

desakota regions: a case study in Shenzhen. Landscape and W@rirand?I153 (14),
37-52.

Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, [2D1.2



Li et al., Development and applications of urban cellular automata in China

Tian, G., Liu, J., Xie, Y., Yang, Z., Zhuang,D. & Niu, Z., 2005.Analysisof spatietemporal
dynamic pattern and driving forces of urban land in China in 1990s using TM images
and GIS. Cities, 22 (6), 46010.

Wang, G., Chen, JLi, Q. & Ding, H., 2006. Quantitative assessment of land degradation
factors based on remotedgnsed data and cellular automata: a case study of Beijing
and its neighboring areas. Environmental Sciences, 3 (42239

Wang, S., Li, J., Wu, D., Liu, JZhang, K. & Wang, R., 2009. The strategic ecological impact
assessment of urban development policies: a case study of Rizhao City, China.
Stochastic Environmental Research and Risk Assessment, 23 (8)119®9

Wang, Y. & Li, S., 2010. Simulating multipldass urban landse/cover changes by RBFN
based CA model. Computers & Geosciences, 37 (2),1211

Wu, D., Liu, J., Wang, S. & Wang, R., 2010. Simulating urban expansion by coupling a
stochastic cellular automata model and socioeconomic indicators. Stocastic
Environmental Research and Risk Assessment, 24 (22235

Wu, F., 1996. A linguistic cellular automata simulation approach for sustainable land
development in a fast growing region. Computers, Environment and Urban Systems,
20 (6), 367387.

Wu, F, 1998. The new structure of building provision and the transformation of the urban
landscape in metropolitan Guangzhou, China. Urban Studies, 35 (2), 259.

Wu, F. & Webster, C., 1998. Simulation of land development through the integration of
cellular autonata and multicriteria evaluation. Environment and planning B, 25, 103
126. [58]Wu, F.L., 2002. Calibration of stochastic cellular automata: the application
to ruraturban land conversions. International Journal of Geographical Information
Science, 16 (8)795818.

Wu, X., Hu, Y., He, H.S., Bu, R., Onsted, J. & Xi, F., 2009. Performance evaluation of the
SLEUTH model in the Shenyang metropolitan area of Northeastern China.
Environmental Modeling and Assessment, 14 (2)-22Q.

Xi, F., He, H.S., Hu, Y., BUR., Chang, Y., Wu, X., Liu, M. & Shi, T., 2010. Simulating the
impactsof ecologicalprotectionpolicieson urbanland usesustainabilityin Shenyang
Fushun, China. International Journal of Urban Sustainable Developmer2) 11t
127.

Xie, Y.C., Batty, M. & Zhao, K., 2007. Simulatingemergenturbanform using agenbased
modeling: Desakota in the suzhawxian region in china. Annals of the Association
of American Geographers, 97 (3), 4495.

Xu, X., Zhang, F. & Zhang, J., Year. Modelling the impaatglifferent policy scenarios on
urbangrowth in Lanzhouwith remotesensingand cellular automataed.|IEEE, 1435
1438.

Yang, Q.S., Li, X. & Shi, X., 2008. Cellular automata for simulating land use changes based on
support vector machines. Computers & Géarsees, 34 (6), 59802.

Yang, W.,, Li, F., Wang, R. & Hu, D., 2011. Ecological benefits assessment and spatial
modeling of urban ecosystem for controlling urban sprawl in Eastern Beijing, China.
Ecological Complexity, 8 (2), 15860.

Zhang, Q., Ban, Y., U, J. & Hu, Y., 2011. Simulation and analysis of urban growth scenarios
for the Greater Shanghai Area, China. Computers, Environment and Urban Systems,
35 (2), 126139.

Zhou C. H., Sun Z, L., and Xie Y. C. (1999), Geographical cellular automata. ChirieseeSc
Press (in Chinese). pp. 163.

12| Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2012



Garcia et al.,Calibration of an urban cellular automata model

Calibration of an urban cellular automata model
by using statistic techniques and a genetic
algorithm

Application to a small urban settlement of NW Spain

A.M. GARCIA ; I. SANTE; R. CRECENTE
Land Laboratory, Univeity of Santiago de Compostela
E.P.S Campus Universitario s/n, Lyg@g002 Spain
+34.982.82.32.92andresmanuel.garcia@usc.es

Keywords: Urban cellular automatagenetic algorithmcalibration

Abstract

Cellular automata (CA) have been widely used to sitauknd analyze urban
growth processes due to their simplicity and capability of representing emergent
complex dynamics. Nevertheless, CA have not been used too much outside the
research realm, due to the lack of flexibility of implemented models or the
difficulties for their calibration and validation.

In the present article, the model of White and Engelen is used as a basis, because it
is one of the most flexible and widely used in the bibliography, so as to produce a
model inspired in it which will offefewer difficulties by the time of calibrating it.

This will be achieved reducing the coefficients to be calibrated so as to be able to
automate this task using a genetic algorithm (GA). The obtained model will be
tested, simulating urban growth in the nuipality of Ribadeo (NW Spain) and
analyzing the results.

Introduction

Cellular Automata (CA)stand out among the most used urban models, due to their
capability of reproducing complex dynamicgmilar to those found in real cities,
from simple rules. The are several examples of the application of urban CA to the
simulation of the expansion of big citigls 2, 3, 4, 5]

In most of the cases, models were not used outside the scientific community due to,
among other factors, the lack of flexibility to acately simulate different urban
dynamics and the lack of validation and calibration methods to make them more
userfriendly and ensure accurate simulati¢dls

In recent yea new calibration techniques are being applied. Mainly heuristic
optimization echniques such as simulated annealing and genetic algorithms (GA),
which constitute tw of the most robust heuristic techniques. GA have been widely
used for CA calibratiofi7, 8, 9, 10, 11,12]

In this paper a simplification of the calibration processanfurbanCA is proposed,
usinglogistic regressionand a GA to improve its flexibility. Most dhe existing
models were applied in large cities whembangrowth is fast and abundant, thus
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there is a lot of informatiothat can be usetb identify urban dynamics. However,

in urban areas with slow and scarce growth, these dynamics are more difficult to
identify [13]. This is the case of Ribadeo, a small municipality in NW S
Testing the model in such an area with so different characteristitsallaiv to

better assess its flexibility. The paper starts describing the structure of the model
which is basedn the model of White et a[l]. Then, the calibration process is
explained, where two novelties are introduced; the reduction of the nuwhber
calibrationparametes by usinglogistic regressions, a representation of the distance
decay influence of neighbouring land uses in the central cell using two linear
functionsand a GA for thecalibration of the ramaining parameters. Finallythe
resuls of the simulation of urban growth in Ribadeo are analyzed and a series of
conclusions ardrawn

1. Urban CA model

One of the first widespread empirical applications utban CA models was
developed byVhite el at. [1]. This model keeplse essence obfmal CA rules and
hence their simplicity. Furthermore, it simaseveral landise dynamics and uses
an extended circular neighborhood that accounts for the distance decay influence of
several land uses on the central cell state. These characterlkiiwsaagreat
flexibility by the time of simulating differertyypesof dynamicq6].

This model considers twtypes of land uses: fixgdvhich influence the dynamics of
other land uses but do nparticipate in simulated dynamicnd activewhich both
influence the dynamics of other uses gadticipate in the simulated dynamics and
thus are affected bgrowth rates. The transition rule of the model is based on
equation 1, which provides theansitionpotential of each celfirom land useh to
each activéandusej (Py):

Phj:\/%(l-'-Ni)-'-Hj (1)
wheres is the cellsuitability for land usej, N; is the neighborhood effect ar] is
an inertia parameteéhat modeldhe resistance of langseh to change to landse;.

n is a stochastic variable ®mich introduce randomness in the model and is
determined by equation 2:

v=1+[- In(rand)]’ @

whererandi s a random number between 0 and 1
the degree of randomness introduced in the model. The effect of the neighborhood
(Nj) is calculatd with equation 3:

N, :é.é.qulid
d i (3)
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whereljq is 1 if celli at distaaced is occupied by landisek and isO if it is not. In
White et al.[1] a circular neighborhood with a radiof 6 cellsis used, where the
influence of each cell isnodeled by means of eoefficient myg, which value
depends on lanrdsek in celli andon the distancd of celli to the central cell. Cells
transition in each interaction of the model to the laisd for which thg show a
highertransitionpotential until the growth rate for that lande is reached. In the
model proposedn this paperthe random variable is scaled using an exponential
curve (equation 4) which allowsontrolling better the degree of randomness
introduced in the moddfl5]. The random parameter in the equation is generated
using the algorithm of VB.

v=exp(- a3 (1- rand)) @
Besides,in orderto modelthe relative importance cfuitability s with respect to
neighborhood, this value is scaled with the coefficienThis way thesuitability

factor is scaled in a similar way to that ofethstochastic variable with the
coefficient of equation 2.

Finally, a series of restrictiongR) are considered that take the value 0 or 1
dependingon whether the cell can beéeveloped or not becausef some kind of
constraint.Once the aforementioned modifications are made, equation 1 remains as
follows (equation 5):

Hu:Rj”“Sf*@+NJj+Hi

®)

2. Model calibration

The calibration of the proposeghodel is comm@x becauseof the high number of
calibration parameter§he modebf Whiteis usuallycalibrated by trial ath error or
by expert knowledge [1, 3, 4, 16, 17rial and error is very timeonsuming[18]
and both methods do not assure accurate resinkie they may imoduce a lot of
subjectivity [19] These shortcomingare overcomeby reducing the number of
calibrationparameters so as to be able to automatec#iibrationprocessusing a
GA.

2.1 Parameter calculation using statistical methods.

The suitability facto (5) was calculated bysing a logistic regressiotherefore it

will be avoided to calibrate as many parameters as the number of variables
considered to calculate the suitabilityhis method has already been used to
calibrate a urban CAmodel in[20].

Another way of reducing the number mdrameterss simplifying thecalculation of

the neighborhoodeffect This @an be doneby using afunction of the distance to
calculate the influence of the neighbouring land uses on the transition potential of
the @ntral cell This function could have several shagd@4], which an be
simplified by using two linear functiondgure1):

fx)=a+bx  (6)
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f(x) = c +dx @)

where x is the distance to the central cell and a, b, c and d are the eontffafi the
linear function.

Therefore, it imot necessarip calibrateonemyy coefficient for each landsek and

equidistant cell to the central cefbf a circular neighborhood with a radius ®f
cells 7 coefficientsm,y would have to be calibratefdr each couple of landses, as
shown in figure2), since the four parameters that define the two I{aeb, ¢ and d)
are enough to model the distance decay effect

Figure 1: Examples of simplification of distance decay functions by using twa funeztions.
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Figure 2: Cells numbered considering their equidistance to the central cell in a 3 cell radius
neighborhood.

2.2. Genetic Algorithm

In spite of having conderably reduced the number of caliliwatparameters (from
213 to 138) they are still quite a few;thereforethe calibration process remains
difficult. This is the reason why a G&2] is used to accomplish this task.
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This calibration method is inspirech dhe genetic evolution of populations and is
composed of the following phases: (i) initialization, where an initial population of
possible solutions is randomly generated, (ii) evaluation, whergabé@nes®of the
solution provided by each individual salculated using a fithess function, (iii)
selection, where the best individuals are selected according to their fitness, (iv)
crossbreeding, where selected individuals are cross breeded to create the following
population of solutions, and (v) mutationh@re random variations are introduced in
the values of the obtained population of solutions.

In our casea first population of 700 possible solutions was randomly genersoed

as to have a number of individuals higher than the number of allele armbriagh

so as to make the algorithm too computationally interiBhie way it is ensured that

the initial populatin is diverse enough and the computation time is not too heng.T
simulationscorresponding tdhose 700 possible solutions were evaluated étest

the parentsisingthe tournament method. In the tournament process all individuals
where randomly chosen two by two and compared. The best ones in each
comparison were selected to crdwsed. Every couple of chosen individuals
generated two sons. lihe crossbreeding process two recombination points were
randomly set, where the information of each parent was interchanged to generate
each son. The best individual in each population is selected to survive in the
following generation. A mutation ratd 6.008% is applied to all individuals of the
population of descendant, except for the surviving offee mutation rate was
determined by trial and error considering that it would produce variability enough so
that the algorithm would not get stuck in acdb optimum. This was checked
comparing the mean and maximum values of the fithess function for each
generation, if the maximum value did not vary the mean should compensate this
stability producing strong variations of its value in each iteration.

By the time of selecting a fitness function, it was considered that indexes that
evaluate cell by cell coincidence do not account for the coincidence of the patterns.
That is why the index proposed [23] in combination with ltree spatial metrics

[24] - the numler of patches (NP), the area weighted mean patch area (AREA_AM)
and the edge density (ED) were used The index proposed in [23] not only
accounts for cell by cell coincidence but also measures whether cells were located
close to their real position or faiving thus a better assessment of the accuracy of
the model than the kappa index.

The indexdescribed in [23]s calculated running all over the reRland simulated
mapsS windows with several resolutiors( 1 c e | | si de, 2, 3, 4
each window, the number of celisoccupied by each landsej in the realRnj and
simulated map$nj is calculated. The lowest value for each map and land use is
chosen and all the values for all lanses are added. Then each window is weighted
by thenumber of cells thahe window coverswn all the values from all windows

in which the maps are divided at each resolution are agigg) and the resulting
value is divided by the number of cells of the map.

Equation8is used to calculate indexes fach window resolutioRg. Equatior9 is

used to calculate a global index for all the window resolutions. In equ@tibn
scales the relative importance of each resolution in the final index, in our case b was
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given a value of 1.2P will have the valuel if there is a perfect match and O if the
cells do not match at all.
Ng & J
& SVh& MIN(Rn j,sn g (8)
u

n=1 @ i

Pg=

Ng
aWwn
n=1
5 exp” 93 Py ©)
P=1f_
a ep™?
9
Only active landuses were considered in the fithess function. The values of the
spatial metrics for the simulated mapest subtracted to the values for the real map.
The absolute values of these subtractiand the value o (eq. 9)were used in the
fitness function. So that these values varied within the same range, the maximum
and minimum values for each index in eacteraction of the AG were taken and
used to normalize the indexes (ef).Finally, the normalized values whareed in
equation 11 to calculate the fitness functidf). (F was used to evaluate the
individuals of each generation, thus thigher the vale, the better the individual
will be.

Value- minvalue (10)
maxvalue- minvalue

Normalizedvalue=

énormalizedNP + normalizedAREA_ AM + normalizedED !

) ]
+ NormalizedP

Fog 3 u

=€ u

é 2 U (11)
é 0

3. Case study

The study area is located in the municipality of Ribadeo (NW Spaiap 1)
Ribadeo islocatedat a crossroa@f importantroutesconnecdng the regions of
Asturias and Galiciand concentrates the commercial activigesl servicesf the
surrounding areas. Ribadeo has 6000 inhabitants and experienced a growth of 1000
inhabitants in the last 10 years. The study area is fobydtie main urban core of
Ribadeo and its 4 surrounding parishes {swinicipal administrative division in the
region of Galicia)towards which the urban core is expanding.
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Map 1: Location of the study area and land use map of 2007.

The data for the mad calibration were obtained by fotointerpetation of aerial
images of 1978, 1998nd2007.A cadastral map of 1995 and a digital terrain model
obtained from the Spanish national topographic mage also usedAll this
information was converted to rasterrat of 35 x 35 m resolution, and processed to
obtain the maps of the input variables.

Land uses where classified ashie tmodel of White et al. [1]

A Fixed lard uses; water surfaces, roads, institutional, parks, rail tracks.

A Active landuses commercid industrial andesidential.

Agriculture and forest land uses where considered as fixeduksag] yet they could
be transformed to urban lanes.

First, thesuitability maps(sj) were calculated using the logistic regression technique
described inaction 2.1(Map 2).

Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2042



Garcia et al. Calibration of an urban cellular automata model

TEOW TEHW TSOW THOW TINW TZOW TEWW TSSOW TSUW THOW TINW TZUW
432N + 43ITAN] 4+ + S
e
433730 4 aazaeN] - [.F
1
{ f L
avararn] b v A
L ©
43°3050°N1  + 43°3050°N{  + ~\ ,"
) ) |
q /
[ f
won] Suitabiity ) «woN| Suitabilty  * gy
it oy
I 0213361073 - 0.863604367 N I 0222282691 - 0.453456849 N
I 0121920617 - 0213361079 Il 0048013291 - 0222282891
avzeron] I 0060960308 - 0.121820647 + A avzgron) I 0021338373 - 0.048013281 + A
103 - 01 LiHE
[ 0.020320103 - 0060960308 5 e B [ o.005335022 - 0.021339373 A e o)
0-0.020320103 — — 0,000000239 - 0,005335022  mmmm— memm—— 1

TEAOW TESOW TSUW T4I0W TIW T230W

43°3320°N] +
43°3230°Nq{ +
araraorn] b
43°30/50°N:
300N Suitability + o -
I co13871038 - 0023118397 N
Il c.008340755 - 0.013871038 A
svzgon] I 0003626415 - 0.008340785 +
[ c.001178585 - 0.003628415
Q 5001000 2000
[Jo-ooo1178s85 — —

Map 2: Suitability maps for the active land uses.

The model was calibrated using the larse maps of 1978 and 1995. The AG was
run until the best fitness value did not increase during several intera¢tioss
happened from interdon 52 on, when the fitness function increased from an initial
value of 3.95¢10° to a value of 4.47xI6). The coefficients obtained in the
calibration (table 2) where used to simulate urban growth between 1995 and 2007.
Results were validated comparirigetn with the landise map of the ye@007. The
amount of growth of each active land use in each interaction was determined
dividing the real growth in the period to be simulated by the number of interactions
of the simulation.
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Table 2 Coefficients obta@ul in the calibration with the GA

Industrial landuse Potential

Land-uses Neighborhoo a b c d
Agriculture -15.73 -1.94 74.42 -11.94
Water 18.35 1.42 -82.68 7.03
Commercial 15.27 0.06 2.76 -0.50
Roads -43.73 -1.07 96.80 0.97
Forest -19.81 2.11 55.9 0.78
Industrial -69.44 -0.15 1.19 -0.47
Institutional 89.94 -0.14 1598 0.00
Parks 34.18 0.34 -1499 -0.51
Residential -98.98 0.74 -85.63 -2.51
a 4.53
b 5.50
H 33837.97
Commercial laneuse potential
Land-uses Neighborhoo a b c d
Agriculture -1.05 0.61 33.10 -5.96
Water -25.26 -0.57 -71.82 2.14
Commercial -69.79 -2.34 -18.75 0.07
Roads 41.08 -1.60 78.94 0.02
Forest 6.00 2.06 -99.54 -1.02
Industrial 82.46 0.64 -11.04 0.11
Institutional -80.02 0.00 41.64 -125.34
Parks -30.96 1.96 -30.85 17.19
Residential 12.17 -0.49 90.18 -0.65
(0] 2.78
b 1.82
H 265816.4
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Table 2(cont) Coefficients obtained in the calibration with the GA

Residential landise potential

Landuses Neighborhoo a b [ d

Agriculture -4.58 -1.64 63.85 0.95
Water 89.51 2.64 3225 -2.68
Commercial -39.35 -0.983 -0.55 0.86
Roads 48.06 0.21 -1297 1397
Forest -49.20 1.80 -6.74 0.20
Industrial 3541 198 -97.94 0.11
Institutional 92.93 -0.53 89.63 -1.23
Parks 86.09 -0.41 6185 -5.28
Residential -67.89 -1.57 69.27 -4.70
o 5.93
b 3.44

H 113284.80

The results of the proposed model were compared with the results obtained using the
original model of White. The neighborhood parameters used in the modéhitd

where the same thahoseused inthe applicationof this modelto Cincinnati[1],

since accaling to the authors, these parames#suld notvary too muchbetween
differentcities The stochastic variable and the accessibility were calibrated by trial
and error and theuitability was calibrated using a logistic regression and the same
variablesas in the proposed model.

The indexproposed in [23]table 4) show that cells simulated with the proposed
model were located closer to the real ones than those simulated with the model of
White.

Considering the figure of merit (table 4), the resulesaren better for the proposed
model. The figure of merit is calculatesliliracting the partial hits (urban land uses
simulated as different urban land uses) to the hits and dividing the result between the
addition of the misses (urban land uses whictsameilated as non urban land uses),
false alarms (non urban land uses which are simulated as urban land uses ), hits and
partial hits.

The values of thespatial metrics show that the residential larsg simulated with

the proposed model presents patteriosar to reality (table8). Commercial and
industrial landuse patterns were not correctly simulated because the amount of
growth in the study period for these uses was low and there was not enough
information to calibratehemcorrectly. The values for hAREA_AM are better in

the patterns simulated with the model of White sines it can be seen map 2-

this model simulated growth concentrated along the main roads whereas the
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proposed model simulated more disperse patters which are in generaldsersto
the real ones.
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Map 3: a) Map simulated with the proposed model for the year 2007 b) map simulated with the
model of white for the year 2007.

Table3: Results of the evaluation metrics the proposed anithe White models

Proposed model NP AREA AM ED

Pontius index 0.9201 Residential 224 37.29 18.43
Industrial 43 1.84 2.79

Commercial 23 0.55 1.13

White et al (1997) NP AREA AM ED

Pontius index 0.9195 Residential 234 19.52 20.46
Industrial 46 3.24 2.4

Commercial 29 1.35 1.06

Real data NP AREA AM ED

Residential 224 18.73 18.25

Industrial 45 2.07 2.66

Commercial 13 1.76 0.84

Table4 Figure of meit of the results of the proposed model and the model of white

Figure of merit Hits Partial hits Misses False alarms
Proposed model 7.09% 69 5 447 382
White et al (1997) 3.3% 68 36 417 436
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Conclusions

The modelproposed bywhite et al. [1] has many advantages for the simulation of
small urban areadut its main drawback is the high number of calibration
parameters. Thenodifications proposedin this paperallowed to automate the
calibration process, making it simpler without losing the flexibility of the model of
White. This was achieved using logistic regressions to calculateuttebility and
simplifying the neighborhoodoefficientsby representing the distance decay effects
with two linear functions. The methamsedto scale the randomnedsgreewas also
improved using an exponential function.

The obtained results show that GA are a good tool to calibrate CA models, sin
better results are yielded than using expert knowledge or trial andneetbods
Most of the errorsproduced in the simulation of the study am® due to the
scarcity of data to calibrate the modslugd by the characteristics of the study area
which presents a low and slow growth. The mismatches between the real and
simulated data are also due to the deficiencies of the validation method esielce
using several indexes that considered both the cell to cell match arspétial
patternof land uses the complexity of growth patternsould not be accurately
captured Future research should focus on finding validation methods wtach
better evaluate theomplexaspects ofirban dynamics.
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Abstract

The process for extending an existing model of residential migration of households
within an urban environment is presented. The model employs a hybrid framework
consisting of cellular automata to represent the urban landscape, and agent automata
to represent the households. The challenges of working with realistic temporal and
spatial atures are addressed.

Introduction

For decades researchers have tried to determine the process through which a
household decides where to live [3][7]. Residential movement is the movement of
populations on a household scale. It impacts the compositiceitieé and the
character of neighborhoodRecent advances in computing technology have allowed
researchers to start investigating social phenomena using software models which can
capture the complexity of social dynamics. Furthermore, researchers handeskt
these modeling techniques which utilize simulation technology to explore the
processes of residential migration [6].

The Modelling of Complex Social Systems (MoCCSy) Urban Migration project is a
recent attempt to capture the residential movementlgmoin a computable form

[4]. This is an interdisciplinary project drawing on the expertise of researchers in
Computing Science, Criminology, Environmental Science, Geography and
Mathematics. This group worked in an iterative, three stage process with the
eventual goal of developing a model that correctly represents expert domain
knowledge, is mathematically sound, and can be examined through computational
means. These criteria correspond to the three stages of the process, illustrated in
Figure 1. This proess is described in full in [2].

Previous stages of the project focused on the general phenomena of residential
movement and neighborhood formation [4]. As such, the environment included in
the model was abstract in natutdere, we present our findingsittv regard to
extending that model to include geographical features based on redlldatpaper
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begins by outlining the background of the subject maited modeling process,
which is followed by a summary of the model desighe nethods used to extend

the model by integrating real geographical data to generate the simulation
environmentare described, anasults from test runs on the simulation model are
presented. Finallyve discussssues and challenges encountered during this process
andmentiontechniques used to deal with them.

Background

Computational modelg is an approach to research that utilizes software
representations of phenomena in order to analyse them in a novel manner. A model

is a parsimonious version of something in the real wooktensibly facilitating
understanding by only including salient aspects of the subject matter. Models can
help to reduce uncertainty about the fut
potential to reveal underlying structural characteristics atatioaships. Models

also are a formal explanation of understanding, and serve to communicate ideas and
share in knowledge discovery [5].

Conceptual Mathematical Computational

Modeling Modeling Modeling

Figure 1: The iterative process for modeling complex phenomadapted from [2].

The decision by a household to stayheir current location or move to a new one is

a complex procesfl2?]. In reality, a household will consider myriad social and
material factors, weighing the benefits and disadvantages of each option. Access to
employment, commuting time, family sizacome and personal relationships can all
affect the decision to migrate. Sources of stress in the current location may also
motivate a change of location [3]. This complexity makes modeling of residential
migration difficult to do with traditional lineamodels, whereascomputational
modeling can address these isslidd. Cellular automatdCA) have been used by
researchers in similar work because of their capacity for simulating local interactions
[9][10]. Likewise, agent automata have been shown tosb&ilifor representing the
actions of agents in an urban environment [1]. Hybrid models that use both types of
automata have also been develof&d
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Torrens (2007) developed simulation model of residential mobility which
integrates numerous factors imved in this process [6Properties are differentiated

by tenure (rental versus purchase), size, and monthly cost, among other things.
Households have characteristisach as income, age, size and ethnicity. Local
housing markets and communities are atemsidered. A uniquaspectof this

model is that it represents these entities as geographic autbragtaradigm that
includes the capabilities of both cellular and agent autor@ate.of the limitations

of thisprojectis that therepresentation of spads abstract.

Existing Simulation Model

Theresearch presented here extendsuttian migration modeldeveloped through

the MoCCSy research growphichis described in full in [4]including justification

of design choices and theoretical backgrourd)the model the environment is
represented by cellular automata. The individual cells represent residential locations,
and can contain one or more households. The households are represented by simple
agent automata. The most important characteristic obuwsédhold is itssocial
structurevalue. This value is used to capture all features that correspond to social
coherence.Thus, a variety of contributing factors, such as household income,
education, ethnicity, and so on, are compressed into a single reptesevariable.

This approach avoids the difficulty of operationalizing the individual factors and to
instead focus upon their cumulative effect on residence choice.

A positive social structurevalue indicates adherence to social norms and lawful
behavor, while negative values indicate an emphasis on personal freedom and lack
of community duty. Extreme negative values can also indicate criminal inclinations.
Our fundamentahssumptioris that households are attracted to neighborhoods with

a social struwre value similar to their own when selecting a new residence. The
social structure of a cell is either the average social structure of all of its residents, in
the case of a high density cell (such as an apartment building), or the average of all
the cels in a tradius Moore neighborhood, in the case of a low density cell (such as
a single family home).

The decision of a household to look for a new home is probabilistic, with the actual
chance of this being dependent on the difference in value betwessrtial structure

and that of the cell it inhabits. If a household does not move, it is subjeatiéd so
influence from its neighbrs, its social structure slowly becoming more similar.
Finally, all households are subject to regular random perturbatbnsarying
intensityi this represents the individual factors in life that alter social structure, such
as employment, illness and family relatioffwus we consider this model to be a
hybrid CA-agent model, since local change (at the neighborhood lesel) i
propagated using cellular automata structures, while household units are represented
by agents with the ability to move.

Social attractors are another entity that may be present in a run of the simulation
model, depending on the scenario chosen. Theseirgtitutions that attract
households of similar value. A positive attractor, such as a church or school, attracts
households of positive social structure, while a negative attractor, such as a drinking
establishment, attracts households of negative Isstcigcture.
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Start

Update Time

timeStayed := timeStayed + 1

location := newLocation

v

timeStayed := 0

Decision Making

if wantsToMove and canMove

if imeStayed > maxTime

false

Saocial Interaction

Personal Life social := social + influence

social := social + random

|

BoundSocial

Figure 2: Outline ofhousehold behavioiThe part related to residence chaigjeighlighted.

Data

The goalin this stage of the projeds to implement a geographic environment that
matche the general residential features of a real enwiremt. Vancouveis selected
due to its diverse neighborhoods atié availability of data from the City of
ogue.
di s tMag &)t Since ohe i78 dlifferdna tzamg
classificationsaaretoo cumbersome to work with, thea® aggregated into 9 general

Vancouver ds
Vancouver 6s

0]

pen Data Cat al

A

and

classes of zoning types. While the zoning data gives a general idea of where people

in the city live, itis not sufficient for generating an environment for the sirfarat

Some parks are classified as residential area (including the spacious Stanley Park
located downtown), despite having no residences. Further, the Comprehensive

Development classification is used as a catitito mark areas that need special
regulation Both the mixed commercial and condominium higtes of Yaletown

and the luxurious homes of Shaughnessy fit into this classification, despite having
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radically differentresidentialdensites Due to these problems, a map of dwelling

densityis clearly neessary.

The residential density mgMap 2)is prepared by using thizawellings Occupied by
Usual Residentslata at the dissemination block level from the 2006 Census of
Canada. Dissemination blocks vary in size, so some larger blocks have a high
number ofdwellings while being quite sparse. To adjust for this, the area of each
block is calculated using the ArcGIS Spatial Analyst extension. The total dwelling
count for each blocks then divided by its size to generate a final density value of
resul ti
residential density in the downtown core and relative sparseness throughout much of

dwellings perhect ar e. The

the west side.

ng map

Legend

Zoning Districts

[ Comprehensive Development
Single Family Dwelling
Multiple Family Dwelling
Two Family Dwelling
Limited Agricultural
Commercial

Il Historic Area .

[ Light Industrial ..

I /ndustrial .

Meters
0 1,550 3,100 6,200

shows

Map 1: Vancouver zoning districts, 2009. Source: City of Vancouver, Open Data Catalogue

Theresidential density mafMap 2)is prepared by using ttiawellings Occupied by
Usual Residentslata at the dissemination block level from the 2006 Census of
Canada. Dissemination blocks vary in size, so some larger blocks have a high
number of dwellings Wile being quite sparse. To adjust for this, the area of each
block is calculated using the ArcGIS Spatial Analyst extension. The total dwelling
count for each blocks then divided by its size to generate a final density value of

dwellings per hectare. Bh r es ul

ti

ng

ma p

shows

Vancou

residential density in the downtown core and relative sparseness throughout much of

the west side.

Each of these maps rasterized and then saved as a text file. The program can then
import the values fnrm a matching set of zoning and density text files to construct an
urban environment with cell values that match the raster grid. Files with cell sizes of
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25, 50 and 100 square meters prepared in order to test the model at different
levels of spatial rsolution.

Extensions to Simulation Model

The addition of an environment modeled after the real world required changes in
other parts of the simulation model. Many of these chaagepurely graphical,
such as adding functionality to display the zoningritistypes on the map. Another
changds to show dwelling density values using a logarithmic scale, in a similar way
to how density levels are classified Map 2 Other changesre of a structural
nature.

Legend

Dwellings per Hectare
N 0.0-01
mo1-19
19-60
60 - 141
[0 141 - 265
Il 265 - 604

L Meters

0 1,550 3,100 6,200

Map 2:Dwellings occupied by usual residen¢&ncouver, 2006Source Census of Canada.

In particular, the effect of the land use types on household behasgaisto be
determined. Since the zoning districts show the land use of a cell, they can be used
to determine how much the effect the actiond behavior of the residents have on

the social structure of the neighborhood. An example of this is in a primarily
commercial area where there are many residences above places of business, but the
character of the neighborhood is determined more by th:dmses than by the
residents. The mirror situation is a neighborhood composed primarily of resident
homeowners: the behavior of the residents is the main source of neighborhood social
structure. In the original model, low density cells used a radius Moere
neighborhood to calculate social structure, while high density cells did not consider
any neighboring cells for this calculation. These ideas were composed to come up
with aneighborhood factovariable, determined by the zoning district type.
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The néghborhood factor determines the weighting of neighboring cells in
determining the cell social structure. It is noted s such thatF; is the
neighborhood factor for the cell at grid location f). A radius one Moore
neighborhood is still used, so thamber ofneighbohood cells on a square grid is
8. Given thatS;(t) is the average social structure of all residents at icg)l 4t time
stept, and with 8neighboring cellsi( 6 ), thej sécial structure of celi, () at time
stept is denoted awj(t) such that:

SO+FR*as;®
1+F,38

Vij (t) =
(1)

Note that for the cage; = 0, V;(t) = §;(t). This is identical to the previous version,
where high density cells ignore neighboring cells when determining cell social
structure. Likewise, foF; = 1, Vj(t) is an average of thg;(t) for all of the cells in

the 3 x 3 neighborhood. Thus the options of the original version are still present, but
intermediate levels of neighborhood interaction are now possible. One difference
from the previous version is théte neighborhood factor is determined only by
zoning type, and not the actual density of a cell. While we can expect a high
correspondence between density and zoning district type, this model allows for some
variance in behavior. For example, it is now gible to model high levels of
interaction in a densely populated neighborhood that is primarily residential, as
might be seen in the eastern half of Vancouver.

Tablel: Neighborhood factor by zoning district type

Zoning District Type Neighborhood Factor
Single Family Dwelling 1.0
Limited Agriculture 1.0
Two Family Dwelling 0.7
Multiple Family Dwelling 0.3
Comprehensive Development 0.0
Commercial 0.0
Industrial 0.0
Light Industrial 0.0
Historical 0.0

The original model was typically run on5® x 100 grid of cells that contained

total 0f9500 households on average. The capacity of the City of Vancoowette

data generated i253,680 dwellings. Running the simulation modeth this

massive increase in households resulted in the progriaing to a near standstill.

Upon analysis, the part of household behavior that demanded the most processor
resources was related to residence change: the decision to move and the process of
finding a new home location. The solution to this probisrochange the temporal

scale of the model. Previously, time steps corresponded to one month, that being the
shortest duration conceivable between typical residence changes. With a time step of
that length, all households needed an opportunity to evaluatesétisfaction with
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their current location and decide whether or not to move. By changing the duration
of a time step to a single day, it became acceptable to only give a small proportion of
the total household population the opportunity to consider mememSocial
structure changes due to social interaction and personal factors could still occur on a
daily basis. This change in scale enabled the program to run at a reasonable speed.
However, some adjustments to the model would be required. The impigatfo
changing the temporal scale are discussed in the next section.

Results

With the change in temporal scale, fewer households are given the opportunity to
move during each time step. Since the cells are subject to influence from their
neighbors in theteps that they do not change location, it seemed likely that the new
model would be sensitive to changes in the social influence factor variable. This
variable determines the magnitude of change in social threshold of a household
being influenced by its mghbors. In order to test this, the simulation was run for 50
steps using a range of values for the social influence factor, and the standard
deviation of the social threshold values of the households was recorded at both the
beginning and end of a run. Ala Il lists the average standard deviations for five
runs of each value chosen for the social influence factor. No standard deviation
score for any run varied more than 1% from the average.

Table 2:Sensitivity to Social Influence factor

Social Influence Initial Social Threshold Final Social Threshold
Factor Standard Deviation Standard Deviation
0.1 2.020462 0.4595

0.01 2.021267 1.857773

0.001 2.020333 2.111683

0.0001 2.021514 2139422

Not surprisingy, the initial standard deviations are almost identical, since they are
dependent only upon initialization of the households, prior to any opportunity for
social influence. The final standard deviations show the impact of the social
influence factor: largealues result in small amounts of variance in social threshold.
In other words, when the magnitude of social influence is high, the social structure
values of the households move closer to each other. This takes place through local
interactions, but occarthroughout the system. This results in an averaging effect
that causes social threshold values to approach zero over time.

Figures3 and4 illustrate the effect of the social influence factor. The-residential
areas are colordalack; this includepaks and industriahreas The remaining areas

are residentialcolored in a grayscale continuum to denote social structure, where
white is positive and black is negativ@ray coloring showsareas where social
structure equalsr is close tazero,and thes clearly dominate ifrigure 3, a high
social influence factor scenario. lfrigure 4, there is more variation in social
structure values, as shown &gyecklingcell coloringin the residential areas.
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Figure3: The simulation run with social influencactor set at 0.1.
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Figure 4: The simulation run with social influence factor set at 0.001.
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Discussion

One issue that turned out to be very important when bringing real data into a
simulation model is scale. The effect of changing the temporal scalalteady

been discussed, but the choice of spatial scale was also critical. Although it was
relatively easy to prepare the data at a variety of resolutions, actually getting each of
those data sets to run was more of a challenge. Table Il summariziesatietook

the program to initialize the model entities (cells and agents) and also the time to run
the simulation for 50 time steps. This was done for each resolution available, and
also performed both with and without attractors present in the envéran dual

core 2.0 Ghz AMD CPU system with 2 gigabytes of memory and running Windows
7 was used to test the program.

Table 3:Program Execution Time

Cell Size Initialization Time (seconds) Run Time (seconds)

(m2) No Attractors  Attractors No Attractors  Attractors
100 0.45 18.03 10.83 11.44
50 15 333.01 165.25 170.62
25 T 077777 Vinsufficieitmemory 7T T T T T T T T

In the case of the highest resolution, 25aalls, the program was unable to run at

all due to insufitient memory. With the cells at 50°tin size, the program was able

to run successfully, but the times are an order of magnitude slower than at the lowest
resolution (100 ). Initially, households searching for a new location would
compare each potentildcation with all of the appropriate attractors in the entire
environment. This resulted in the run time for scenarios with attractors taking
roughly twice as much time as they currently do. However, since attractors do not
move in the model, a preprocessistage was added in which the relative locations
of attractors to each cell are calculated. This has dramatically reduced the run time
for scenarios with attractors in them, in exchange for a longer initialization time.
This tradeoff is particularly woth it for long runs of a thousand time steps or more.
Eliminating redundant work and improving efficiency can often be ignored in
research software development when working on abstract models due to the
processing power of modern CPUs. Using large datafsmn real sources changes
this: it is possible for the CPU, memory or both to be insufficient to run the program
at a satisfying pace.

This version of the program did not include a legend explaining the meaning of the
colors shown in the displaiffhis wa an oversight due to the simplicity of the base
model, where screen elements could be easily explained verblilyever the
added complexity athe extended modehakesverbal explanatioimefficient and is
intimidating for people new to the progra®f course having a legend is one of the
cornerstones of cartography, being a key by which the information contained in a
map can be interpreted by a reader. By extending the project to make it clearly
geographical in nature, the importance of a legend wake ragparent. A legend
implemented in software can be very flexible, adjusting its contents dynamically to
the factors currently on display and their associated levels.
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However, there is also a more fundamental issue at work here: research is only
valuableif it can be communicated to others. This is even truer of research that is
intended to be used by others in the manner of a tool, like with a software model. It

is easy when working on a program by oneself to forget about all of this, since the
intimacy engendered by the familiarity of the inner workings of the system allows

i mmedi ate compr ehen dehavior Reséarcht dofevarep mustg r a mod
prioritize explanation and communication in order to reach out to colleagues and
peers.

Conclusion

While still in its early stages, this project illustrates several considerations that can
arise when enabling a simulation model to utilize real data. For applications that
involve geography, determining the appropriate temporal and spatial scales is of
particular inportance. A successful strategy employed here is that of simplifying the
problem first, either by using coarse data or reducing the number of operations,
before attempting to adjust the model in termsbehavior or efficiency. The
advantage of this strajg is that a working model can be achieved more quickly,
which can in turn be used to facilitate further improvements.
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Abstract

Using standard and thiplarty libraries of Python, we generate auell automaton

with geospatial information to study spatial externalities. Cells correspond to
polygon geometries to define the shape, size, and neighborhood configuration, and

the transitional rule consists of a simple spatial autoregressive modeludteai

the construction and performance of this model, we use data of the Mexico City
Metropolitan Area for studying production spillovers. The results suggest a simple

met hod of building a cellular automat on
efficiently geospatial data and produce effective spatial simulations for the social
sciences.

Introduction

The increasing capability to collect, compute, and visualize geographic
information is one of the most challenging and novel tasksfor fields relatedto

spdial analysis. Although the existence and develoent of the Geographic
Information Systens (GIS) and computational platfoms, the integration of

cellular autanata (CA) to the GIS technologyis not trivial [1, 2, 3, 4, 5].In

particular,a dynamic progranming languageappliedto socialsciencess required
to processanalyze, anddevelopgeospatialinformation.

Python (http:/Avwww.python.org/) represents one of the bestdeveloped
progranming languagesusedfor a vaiety of GIS domains. Its relevanceconsists
in versatileapplicationsthat combine standardand third-party libraries covering
and supportingmany progranming needs,for exanple to write simple functions
or to designcomplex modules.

The purpose of this work is to show the application of such libraries for

generatinga CA thatusesgeospatialinformation, specificallyvectorgeanetries, to
define the shape, size, andeighborhood configuratioof cells, and thaappliesa
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simple spatial autoregressivemodd (SAR) as a transitional rule to analyzethe
effectof spatial externalitiesin urbanareas.

We examplify the construction and perfomance of such CA with data of the
Mexico City Metropolitan Area (MCMA) to explore production spillovers. The
data is basedon a vector layer that contains polygon geanetries related to

censustracts (CT). Each of them includes industrial censusdatain the year of

2004.

The rest of the documentconsistsof four sectionsThe seond sectionpresents
a summary of computer devebpments, including Python libraries,for spatial
simulations.Thethird section explainsthe congtuction of the CA. The fourth

section illustrates the usageof it, analyzingspatial externalitiesin the MCMA.

Finally, we concludewith a sectionof closing remarks.

Computer Developmentsfor Spatial Simulations

Nowadays compute developnents related to geospatibinformation are basel on the
GIS technology in which simulation platforms hawe integratel it into their
enviromrmert for analyzirg complex spatid phenenena.

Same of the mos importart simulation platforms with such a characterist are Swam,
NetLoga Cormas ard Repast They use geospatih vecta dat (points lines, and
polygong to provide a more realistc representatio of the spatid organizaton, but in
practie they are limited to geoprocessingnanipulation andstore methods [6]. From
the point of view of the modeler althoudh thee platforms offer a simple and
powerfu progranming language a graphica interface and a comprehensie
documertation, they exhibit highe cods of learnirg [6, 7, 8].

Dealing with sud restrictions we use Pythan as our computing framework that not
only preseng a collection of features coveral and supporté much progranming neec
ard shaved a very simple and consstert synta, but also provides a wide range of
libraries making possibk to proces ard develg geospatih daia for socid simulatiors
[9, 10, 11, 12]. Suc libraries are OGR (http://www.gdal.org/ogry to manipulae
geospatib vecta information, NumPy (http://nrumpy.scipy.org) to hande computatian
of large ard multidimension& numeric data Matplotlib
(http://matplotlib.sourceforge.nét/ to compute and plot 2D data and Pygame
(http://pygame.org) to creak video games Thes and othe libraries for example
PySA. (http://pysal.org) and Rpy (http://rpy.sourceforge.net/hawe increased in the
lag years shaving an importart growth in the progranming contributiors compared
to othe languages Same benefis of thes libraries are to proces efficiently
geospatibh information and develgp method for advane spatid operations for
example storing envirommert resuls ard speedig up the simulation performance

Geospatial Cellular Automata

The first componern for modelig a CA with geospatih information is the
neighborhod configuration tha represert differert levels of connectivity,contiguity,
ard distane betwveen localized objecs [13, 14, 15]. Following the work of Morero
et al. [5, 16] who proposél a modd called vectorbase geographi cellular autanatan
(VedGCA), we define a CA with such a neighborhod asgeospatihcellular autanata
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(GCA). Two differences exis betveen Mo r esnebad. and our modet the name and
application We are interestd in simplifying the modd identification ard
generalizig the applicability for socid simulations

The secom componen ofthe GCA, which differentiates the socid scienceapplication
from othess, is the transitiondrule. In this case we use a SAR proces for studyirg
the neighborirg effects of productivity.

The following subsectioa preseh the constructim of the GCA by shaving the
applicationof P y t Is brafies for generatig the neighborhod configuration and by
explainirg the derivation of the transitiond rule from the unconstrined spatid
Durbin model

Neighborhoodconfiguration

Basedon the objectoriented paradign, we mix the OGR, NumPy, Matplotlib, and
Pygane librariesto show the constructionof a set of functionsand a class object
that producesa GCA (Figure 1).

‘ Functions ‘ Class

L
I
Spatial simulation

Figurel: Integrationof libraries

Functionsmanipulategeospatiatiatain orderto extract,save,andretrievethe geametry
of eachvectorlayerfeature,usinga binaryformat. The classbjectdefineseachcell and
visualizesit in a surfaceobject. After building the spatialconfiguration, we define the
transitionalrule to perform the spatial simulation.

Thesetof functionsprocessegeospatialnformation by usingthe OGR library.

Modules of suchlibrary help usto createfunctions relatedto read, save,andretrieve
data(Figure 2).

Functions
e
PR
I Re'ad \ [ Sa've ‘ Retrieve

]
Dictionary

Keys = id code -‘ Binary file

Values = geometry

Figure2: Basicfunctions

Thefirst functionreadsthe geametry of eachfeatureandreturnsa dictionary(associative
array) indexedby keys(id codes)andvalues(geametries).This dictionaryis an efficient

Pythonobject to store and extractgeospatialdata, and it dependson the size of

information. Then, using the NumPy library and the createddictionary, we saveand
retrieve information as a binary format! In sum, thesefunctions help to collect
fundamentalgeospatiatatafor generatinghe structure of the GCA.
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Next, using the Py t h o n éobjectc Wweaeate the neighborhoodstructureof the
GCA. Each cell correspondsto specific feature in the vector layer, shaving unique
location, shape size, and neighborhoodonfiguration. Two typesof information define
this class:attributesand methods(Figure 3).

Attributes characterize the object for example the id code of the feature and methods

modifies, computes or extrack sud attributes using functions for example returning

the id coce of the first featue of the layer Three bast attributes define acel in

the modd: id code geametry, and neighbors On the othe hand the essential
methd is a function tha draws the geametry of a cel in a surfae object Applying

the instantiation operationwhich creatsa new instane of the class we assig acel

to evely featue in the vecta layer. Finally, cells are collecta in a list object

containe of items.

Attributes Methods

id code
geometry drawGeometry()
neighbors

Figure3: Pythonclassobject

To concluce the constructim of the GCA, we use the Pygame library for displayirg
the geametry of cells into an alternative GIS envirommert, a window in the desktop
We use the list objed of cells ard the drawGeametry() function to reprodue the
geospatib information of the origind vecta data In addition the Matplotlib library
is applied for generatig simple statistich measure ard graph visualizations

Transitional rule

The transitiona rule is relatal to the analyss of spatid externalities Econamists and
geographes hawe studied them for mary years where the former hawe contributel
importantl in the theoretich and empirical analyss of them [8], ard the latter hawe
proposé significart cellular autanata modek as a tod for analyzirg spatid dynamics
[17, 18]. In this cas, the unconstraind form of the spatid Durbin modd applied in
spatid econanetrics provides the genera framework to define a transition4 rule [19,
20]. The unconstraind modd in matrix notatian is specified as follows:

y=aWy +Xb+WXo+u (1)

where y is n by 1 vecta of a dependen variable ais the spatid autoregressir
coefficient Wy is the spatialy laggel dependenvariable X is a sd of explanatoy
variables WX is a sd of spatialy lagged exogenos variabkes 2 is the coefficiert
associatd to WX, ard u is avecta of erra tems [20].

Basal on equatim (1), we define the transition# rule as the following SAR modet

y=aWy+u @

Equatio (2) suggest a diffusion proces dependd on the scak effed in the
neighborhod of eat cel and randanness.

42| Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2012



Lugo and Valdivia,GeospatiaCellular AutomataProgrammedn Python

Production Spillovers in the Mexico City M etropolitan Area

In this sectionwe illustrate the application of the proposé GCA, presentig the cas
of the MCMA to analyz the spatid diffusion of productivity The geospatib
information of the area correspond to a sea of CTs (5004 polygons) which the
Mexican Statistis Office (INEGI in Spani® acronym) defines as small urban-area
units confined by physicd ard natura limits, for exanple streets avenuesandrivers
[21]. They define the scak and structue of the analyss and exhibit dat of labar
productivity in the manufacturig secta (Map 1).

G

L]

Map 1: Spatialstructureof theMCMA.

Applying the read ard store functions explaina in the pag sectio to the geospatia
dat of Map 1, we obtan a dictionay formed by id codes as keys and geametries,
neighbors and productivity dat as values of ead feature Then we creae ead cell
of the GCA, usirg the class objed (Figure 4).

Class Object
(Cell)

id code getldCode() setGeometry()
geometry getProductivity() setProductivity()
neighbors getNeighbors()

productivity

Figure4: Cell classobject

Ead cel has four attributes id code geametry, neighbors and productivity. The id
cotke is a classificatim number associateé with evely CT, geametry contairs
coordinats that defines the urban polygon neighbos refer to CTs vicinities
(contiguousand noncontiguous)and productivity correspondso a statisticalvalue
of the manufacturesector.
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Two sets of functions define the class method. The first returns the value of
attributes, and the seconddisplays and modifies the geanetry and productivity

datarespectively.
Using the cell class, we generatean instance object that is collected in a list
object.

Then,we reproduce thespatialstructureof the MCMA, usingthe setGeametry()
function (Figure 5).

Figure5: Visualizationof theGCA

Next, we specify the transitionalrule followed the equation (2), specificallya
SAR time lagprocess[19, 20, 22]. This processprovidesthe locd and simplest
mechanismto producesa changein the level of productivity per cell in the
GCA. We defineit asfollows:

Pit+1 =4 W Pit + Ut 3)

where P;; and P;..; arethe productivityof cell i attime t andt+1 respectively}

is the spatial autoregressivgaraneter; W is the spatial weight matrix, which
depend®n the productivity value of k cells associatedwvith ani neighborhoodat
time t, qm;3 and L,l, is the independentdisturbanceterm nomally-distributed.
Therefore, WP, is row standardizedasfollows:
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WR:=1/nB , .0 j 4)

Equation (3) and (4) describe a scale averaging model that spreads the
productivitythroughoutthe systembasedon local conditions[22, 23, 24, 25].

In addition, equation (3) only operateswhen the CT has at least one adjacent
neighbor,othewise the rule follows the next specificatian:

Pit+1 =4 Pt + it (5)
where P;; correspondgo the productivity value of the CT with the shortest
distancefromi to j.
Overview of the process

To explan the dynamics of the GCA, we presen a flowchat to display how every
cel interact to eah otha and changs its value of productivity accordig to its
neighborhod configuration (Figure 6).

getProductivity()

Y getNeighbors = 0
‘ N

‘ Closest cells H Count cells ‘

+

AVP H P ‘ ‘ White noise ‘

Figure6: Programmingoutine

Once cells are collectal in the list object the simulation proces stars defining the
transition4 rule of ead of them. The productivity value is retrieved from the vector
dat (getProductivity(), and ead cel inspecs its neighbos (spatid lag-process. If
the cel has nat neighborsit will compute the shortes distane to the close$ neighbor
This measue is basel on the geanetric centrod of paygond cells, ard it quantifies
a maximum number of neighbos equd to one On the othe hand if the numbe of
neighbos is differert to zero ead cel will apply the SAR (1) processwhich we
renane as the avera@ value of productivity (AV P). Neighbos of ead cel are row
standardizd, ard the cel is synchronousf updated

We conside the scalirg paraneta } for regulatirg the intensiy of the contagim
among cells[26, 27, 28, 29]. Essentially from an econanic perspectivethree equilibria
outcanes are possibé when } is equa to one 1) all CTs hawe zero productivity, 2)
everyore has the same avera@ productivity value equa to the initial condition ard
3) ead CT increassits value until reachirg an exogenos upperbound Finally, we
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introdue in the spatid lag-proces a white noise with the form of a randan variable
iid (0,1) representig extern# shocls in the system.

The core of the progranming routine is a loop that updatesthe productivity
attribute of each cell in every time step under the conditions just mentioned.
That is, at eachtime stepthe productivity value is storedin a newlist object.

Neighborhoodand productivity characteristics

Two important characteristicof the GCA applied to the MCMA are studied
before we present simulation experments. neighborhood structure and
productivity value. The neighborhoodstructure is analyzed by a histogram
(Figure 7), where the x-axis representshe number of neighborsaround a cell,
and the y-axis correspondgo the probability of a cell relatal to the number of
neighbors.

e e e e e

Figure7: Neighborhoodonfigurationp = 5, (1 = 2

The histogramshav an asynmetrical distribution with a positive skew meaning
that few casesof cells have more than 10 neighbors,and most of them have a
neighborhoodformed by 10 or less cells. In particular, around70% of cells
have four to six neighbors, the mean of the distribution is equalto five with a
standarddeviation of two, and the first bin exhibits few cells with zero
neighborsor isolatedcells. In brief, the neighborhoodconfiguration presentsa
high level of connectivity and contiguity, exhibiting a heterogeneoustructure
that affectsthe dynamics andinteractionsacrossthe area[30].

In addition,Figure8 displaysa distributionthat exhibitsthe productivity valuein

naturallogarithms?

This figure showvs a nomal distribution with a mean of 3.97 and standard
deviationof 0.8. More than 70% of cells havea productivity value betveen 2.94
and3.97representingl.27 and 3.71 thousandgollarsemployeerespectively:
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Figure8: Distributionof productivity:u = 3.97,0 = 0.8
Deterministic model

The first caseof the spatial expermentsis a deteministic model. It displaysa
graphical interface and exhibits one scenario of spatial interaction, which
representshe simplest caseof analysis[31]. The transitionalrule of the model is
as follows:

Pit+1 =} W Pit (6)

where the productivityof eachcell at time t+1, P,,;, dependson } andthe AVP
of its neighborhoodat time t, WP,;.

The initial condition of the experimentis based on the productivity value of
each CT, and no additional inputs are addedto the spatial interaction. To
simplify the analysis,we set} equalto one. Under these conditions,we expect
that the systemproducescontagionin thelong run, whereall CTswill convergeo
theaveragednitial value. Neverthéessthe dynamics of contagon is unevenalong
the time, the model presentsmportantimplicationsin temms of spatialinequality.
Figure9 displaysthe sequence ofhe simulationin six different time stefs, where
the runtime is equalto 100, and eachtime stepcorrespondgo a year.

Figure 9 shows the spreadof productivityin the MCMA basedon three levels:
low, medium, and high®In time = 0 (initial conditions),we seea large number
of cellswith low productivity values.On the other hand, only few cells have
mediumandhigh values.In thefollowing time periods, cellsvith mediumandhigh
valuesextend their productivityto close areas.For exanple,in time = 20 and
time = 40, thereis a localized and well-defined areaf medium and high values.
The last threespatial visualiations showa reinforcenent ofincreasingproductivity
values.In essencemediumand highvalues aremore probableto spreadtheir level
of productivity to contiguouscells and producea localizedareaof intensespatial
interaction.
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Qé/f?‘

—

Time =0

Time =40

Time = 60

Time = 80

Time = 100

Figure9: Determinsticmodel

High

Productivity

In addition, the dynamics of the productivity based on AVP valuesand the
initial andfinal distribution of them aredisplayedin Figure 10 and 11.

Productivity Average Growth (10g(1+x))

397

Figure 10: Dynanicsof productivity
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Initial
Final

Figurell:Initial andfinal productivitydistribution

Figure 10 shows only a small increasedand stable pattern in the AVP value.
Froman initial value of 3.97, the AV P increases andemainsstable around the
value of 4.02, and its dispersiondecreasesrom 0.8 to 0.3 (Figure 11). This
result suggestshat, aroundthetime stepequalto 20, the areaof mediumandhigh
levels of productivity persists until the last time step, that is, the spatial
interactionincreasesnd intensifiesthe productivity.

RandomM odel

Under this experiment, we considerequation(3) asthe transitionalrule. The use
of the random variable iid (0, 1) producesa stochasticspatial lag-processand
simulatesexternal shocksin the systen. Applying a batch processing,we run
eachsimulation1000timeswith atotal number of time stepsequa to 100.

After running the model, we obtain the following results:a meanvalue of 4.021
(3.9 thousandsdollars/enployee), a variance equals to 0.011, and a standard
deviation of 0.113 (8.04 dollars/enployee). Comparedthis mean value with the
initial cordition of productivity in the deteministic model (3.7 thousands
dollars/enployee),we seean increasingvalue of the AV P, approxmately ®%. In
addition, Figure 12 shows anincreasing dispersioaf the averaggroductivity in
three different time steps, meaning heterogeneityin every simulation. These
results confirm an incremental productivity with high dispersionin its values
throughoutcells.

Time 30
Time 60
~ = Time 90

Shs 1 monen 1 s a3 s as

°93 B
Average Productivity Value (Log(1+x))

Figure12: Averageproductivitydistributionin threedifferenttime steps
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Finally, Figure 13 presentslO simulations to exemplify the effect of including the
randomcomponentin the deteministic model.Figure 13 shavs a wide variety of
dynamics in productivity, which fluctuates around the long-run equilibrium
presentedn the deteministic model

Productivity Average Growth (1og(1+x))

Figure13: Teensimulationsof productivityaveragerowth

Conclusion

The integrationof standardand third-partylibrariesinto a progranming routine in
Python makesthe proces of building a GCA easy, if we compareit to other
computerplatforms. P y t h librai@es provide a set of powerful toolsto analyze
spatial phenanena, generate spatial simulations, and extend the range of
applicationin social sciences.This integration offers the advantagesto study
large and complex data and to add other libraries that cover different types of
analysisand that developspecific geospatialapplications.

The proposed GCA model incorporates efficiently the heterogeneous
neighborhoodstructures andransitionalrules related to spatial externalities.In
the caseof production spillovers in the MCMA, we can extendthe model to add
more variables for exanple the human capital (number of yearsa personattends
school)andits neighborhoodaveragevalue. They can complement the traditional
spillover analysisandgive newinsightsinto the mechanismof spatialinteractions
in metropolitan areas.

Acknowledgment

This work was supporté by the fiConsep Naciond de Ciencia y Tecnologa
(México)p [grant number 083294].

Footnotes

1. Another optionto save and retrievethis information is the pickle module
(http://docs.python.org/library/pickle.html).
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2. Options oo f Pyt honoés | i br araredahe folfowing: Ryglea wi n g
(http:/lwww.pyglet.org/)andPyGTK (http://www.pygtk.org/).

3. In thiscase the type of neighborhoodnducesheteroskedasticitjthe numberof
neighborgs differentin eachcell).

4. In order toavoid negativevaluesof productivity, we use the logarithnfunction:
log (1 + x), wherex = productivity.

5. The inverseof thelogarithmicvalue iscomputedasfollowing: exp (z)i 1, where
z =log (1+x). In addition theexchangeateappliedis 1 USD= 14.05MXP.

6. The color diffusion is basedon a frequencydistributionof productivity pertime
stepswherethetotal numberof binsis 10. Low valuesare relatedto the first bins
betweenoneto seven, mediumvaluesarebetweernsevenandnine,andhigh values
correspondo nineand ten.

7. Thesmalloscillationbetweereverytime stepis relatedto the synchronousipdate.
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Abstract

Results are presented from the application of a CelAdéomata (CA) model, built

using the Metronamica® software application, to the Dofiana Natural Area, a series
of interconnected ecosystems of outstanding importance for biodiversity at the
mouth of the River Guadalquivir in the Spanish Autonomous commurfity
Andalucia, South West Spain. A National Park since 1969 and recognized by
UNESCO as a world heritage natural property since 1994, Doflana has nevertheless
suffered serious degradation and loss of large areas of marshland, dune and coastal
habitat since 950, through tourism development, intensive agriculture and
afforestation of fast growing nemative tree species (e.g. Eucalyptus), and
corresponding contamination and ocexploitation its aquifer. The paper discusses

the development of a pilot model fBrofiana, from analysis of land use dynamics,
through technical calibration procedure and assessment of calibration gioodness of
fit to cross tabulation and map comparison.

A trial simulation is presented. The paper concludes with a brief discussion of the
potential of the model for simulation of future scenarios, and the improvements that
will be made in the construction of the full model.

Introduction

The Dofana Natural Area (hereafter Dofiana) is a seres of interconnected
ecosystem®f outdandingimportance for biodiversity at the mouth of the River
Guadalquivirin the SpanishAutonomouscommunity of Andaluch, South West
Span. A NationalParksince1969andrecognizecoy UNESCO asa world heritage
natural propertysince 1994, Dofianahas neverthelesssuffered seriousdegradation
andloss of large areasof marshand,duneand coastalhabitatsince1950, through
tourism developmentjntensive agricultureand afforestationof fast growing non
native tree species(e.g. Eucalyptu$, and correspondingcontamnation and over-
exploitation of its aquifa. Despite a seriesof measuresaimed a promoting
sustainablelevelopmet thisimportantnaturalarearemainshighly threatenedby the
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modern developmentparadigmof growth without limits [1]. In the following

communicatian, resultsare presentedrom the applicationof a Celldar Automata
(CA) model, built usingthe Metronamica®softwareapplication,developedby the

Reseech Institute for KnowledgeSystems(RIKS), of Maastricht,Netherlandg, to

Dofiara. The reseach was carriedout underthe remit of the DUSPANAC research
project(fundedby the AutonomousBody for National Parks(OAPN) on behalfof

the SpanishEnvironmentMinistry). The projectis ongoirg, but nevertheles three
important objectives have been already achieved: Preliminary land use change
analysig?2]; Stakehaller engagemerfor determinationof modelparameers[3] and
constructiorof a pilot model, subjectof the presentommunicatio.

Aims of the paper:

1. to providea brief backgroundo the apgication of CA-type modelsto modelling
of naturalareas.

2. To explainthe modellingprocedureemployel, which may serveasa prototypeor
futurelandusemodellingof naturalareas.

3. To reviewthelessondearntfrom the pilot model,andthe stepswhich will needto
be takenin futureto improvethe modelandits applicabilityto decisionsupportin
the Dofiananaturalarea

The contribution of CA to land usemodeling

g

el o]
b

I reascn Par beuncary
Ot protocted areas
Stucy arsa - Guaddamar catohment area
o 7500 15000 300cam
—

Map 1: Doflana studyarea

Most moderndayapplicationsof CA arebasedon the work of von Neumannin the
late 1940's, posthumouslyublishedas The Theory of SelfRepoducingAutomata
[4]. The applicationof CA to land useis usuallyattributedto thegeographewaldo
Tobler, who developedthe foundationsfor a raste-based"cellular geogaphy" [5]
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Early CA land use models were aimed principally at modelingurbangrowth (e.g.
[6]), butthedisciplinehassinceexpandedts scopeto takein nonurbanappications
(eg. [7]), and hasincreasinglymovedbeyondpure descriptionand explanationof
patternsof land usegrowth and changeinto, for exampeg, policy recommendations
for greenergrowth and sustainabledevelopnent (e.g. [8]), integrateddecision
supportand participatory approache§d] andnaturalhazardasessmen{10]. While
CA techngues have been applied to the study of a wide range of natural and
ecologtal phenomend11], studiesof land use changein naturalareasusing CA-
type modelsare lesscommon,principally becausethe patternof cellular evolution
exhibitedin a typical CA land use modelis partcularly appropriatefor modelling
urbanland usechang. Howeve, somenotableexampledo exist. White et al [12]
constructednintegratedCA modelfor the Caribbearislandof StLucia, designed as
a decision supporttool to explare possibleenvironmenth socid, and economic
consequences hypothegzedclimatechang. In this work (SimLucia),evolutionof
natural vegetatim, forestand agriculturewas actively modelled[12]. In a more
recentstudy, Morenoet al [13] incorporatech CA known as SpaSimto modelthe
dynanic evolutionof aforest preserven Venezuka usingland cover classesuchas
fored, forestplantationand agricultue. Thework aimedto undertand thdandcover
dynamicghathaveoccurred intheresewe, simulatetheeffect of landuse policie®on
theresene, andevaluateheir dfecton sustainabilityof theforestreserve.

CA modelingand Dofiana

In Dofiana,the researchers confrontedwith two worlds, two opposingpoles,of

conservationversus development.The developmentboom, principally based on

tourismand intensiveagricultue, hastransformedhe regionover the last 60 years,

from oneof the mostimpoverishedn Spainto thepoint whereper capitaincomeis
above the national average[1l]. Converse}, there has also been increasing
recognitionof theimportanceof Dofianaand ever greaterefforts madeto protectit.

Unfortunatey, over the same time period, areasoutsde the limits of the protected
spacehavebecomencreasinglydegradedindare clearlyaffectingthe protectedarea
itself (e.0. [14]. The corservationversusdevelopmenmodel hasthusentereda crisis
phase.Howeve, thoughit is quite easy to see what the problem might be
(developmenthat favors the regional economyin the short term but destroysan
importantnaturalarea), it is not at all easy tobring abouta solution. CA land use
modelsare powerful tools for understandinghis type of complexit, asthey alow

actordecisiongo berepresenteds landuseconsequecesin the territory. The CA

neighborhoodrules of attraction and repulsion are ideal for representingthe
competitionand pressurefor the sameland use locationthatis so acue in, and so
chawcteristicof, the Dofiananaturalarea.

Methods

Drawing on historical patternsof land use charge since 1990 dete¢ed by cross
tabulationanalysisof corineland covermaps[2], togethemith informationgatheed
in participatoryworkshoys, an initial, or ‘pilot' CA modelwas develged. The pilot
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modelwas an essentialprecursorto the main modelingphaseand developmenbf

futurescenariossit allowedfor thetestingof software,dataandmethodologyprior
to commitmenbf extensiveesources.

The modelingsoftware thatwe usedin this projectis part of a suite of software,a
tool kit called Geonamic®. Metronamic®, the land use modelingcomponentof

Geonamia®, is a geographicalland use model (sensuTobler [5]), operatingin a
graphicalapplicationenvironmentfor the windows platform. At the core of the
modelis thetransitionpotential (TP) computationwhich determineghe future state
of the cells (changeor no change).TP is calculatedas a function where a set of

endogenoudactors interact to update the state of the cell in every time step
(oneyeay). Thesefactorsare neighbahood rules, which determne the relationship
betweendifferentland useclassesn termsof attractionandrepulsion;accessibility
to facilitate or constrainland use conversiongdependingon the distarce from the
cells to the network; zoning that is, extant land planning regulations;a setof

biophysicalsuitability paraméers;anda stochasticityariablein orderto avoid ove-

determinismin themodel.This TP functiondetermineghelikelihoodof each celin

themodelto changdrom oneuseto anotter.

DUSPANAC Project Flow diagram

SH = Stakeholders

Workshop 3

UAM - Denana. ot soneutation
UAM. Doana SH — Build SCENARIOS
engage expert
SH (UAM) Workshop 4 Weorkshop 5 Workshop 6

Donana $H Donana $H Donana SH
Evaluate FINAL SCENARIOS
LCC Analysis
e Gt
Dofiana SH REPORTING
engage expert
SH (RIKS)

SH consultation Recalibrate
RIKS. MODEL
critical feedback
RIKS

Workshop 1 RIKS UAM.

Workshop 2 RIKS

Develop scenarios
and evaluate
model with
Doiiana SH

Buili CA

medel with

Dofiana SH

Build CA Parametrize:
L | mAN
MODEL

Current project status

Figure 1:theModeling chain

Constructiorof the modelfollowed the proceduredefined by RIKS [15], thiscanbe
briefly summarizeasfollows:

1. Analysis of dynamicsof land use/coverchange(LUCC) in the territory to be
modelal.

2. Definition of activity types accordingto LUCC dynamicsobserved:land use
classesmust be dividedinto three groups, vacan{passive,doesnot grow but is
occupiecby otherlanduses- e.g. nortirrigatedcrops)function(active, dynamc, will
grow and occupy other land uses, . urban residential) and feature (statc,
restrictive, will not changeandcannotbe occupiedy otherlanduses- e.g. water)
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3. Introductionof initial land use mapM1 (corine 1990), classifiecaccordingto
activity types.

4. Introductionof secondlandusemapM2 (corine2000), formodelcalibratian.

5. Introductionof landusedemandior functionlanduseclasses focalibration, taken
from M2

6. Establishmendf parametergneighborhoodules,accessibiliy, suitability, zoning)
7. SimulatednapMS2 for techrical calibration

8. Othersimulationsscenario®tc.

Atfter all parameterdravebeenset(stepsl-6), transitionpotentialis calculatedfor all

of themapsin the model,andthenappliedto M1 to producea simulatiorof change
overthe period betweerM1 andM2, expressedsa new mgp, MS2 (step7). In this
way, thefirst partof themodelcalibrationbegirs, which we referto hereastechnical
calibration. Oncetechnicaland empirical calibration(seefinal section) havebeen
completedsatisfactorily, land use simulationsbasedon future scenarios carbe
developed.

Technicalcalibration procedire

Technicalcalibration of the modelis definedhere as the processof obtainingan
aaceptabledegreeof fit betweenthe simulatedmap, MS2 andthe real map,M2 of
theterritory attheseconddate(in our cag, theyear2000. Thedegreeof fit givesus
a guideto thereliability (confidencdevel) of the modelwith respecto thelanduse
changerendsobservedn theterritory.

Difiana 1990-2000, losses and gains (ha) ‘:‘h

182

= losses ne change
= change

Figure 2:land usechangesin Dofiana, 1990-2006,
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Landusechangelynamicsandactivity types:

With referenceto figure 2, the principal LUCC in the territory observedrom map
comparisorbetweerll 990, 200tand2006 canbe sunmarizedasfollows:

1. Significantexpansionof fruit and berryplantations(F) between1990 and 2000
(Intensivecultivation of citrus and strawberry. Principalcontributingland uses (in
orderof greatesto leastcontribution)were grasslandPN) (55 ha), other irrigated
crops(TRP) (44 ha), nontirrigatedcrops(TLS) (30 ha)and sclerophyllusegetation
(VE) (15 ha). Otherirrigated cropshavealsoincreasd, taking29 hedaresand 12
hectaesfrom VE andshrublandMBT) regectively.

It is clearthat thesechangesrepresentagricultural intensificaton; they have all
occurredoutsidethe nationalpark, just insidethe areawhich is alsoexcludedfrom
the zoneof lesser protectionomprisingthe naturalpark. A 50 ha area of formerly
irrigatedland(TRP) in 1990had becomecrop mosac (MC) by 2000. Thus, in terms
of land usedynamicqneighborhoodules),we seethat TRP, PN, TLS andMBT are
likely to be sensitiveto occupationby F, and that MBT and VE are sensitve to
occupationby TRP. Clearly, given the location of the new intensive cultivation,
zoring will be very importantin the modd. F and TRP, and probablyMC aswell,
needto be designatedas function activity types in the modelto reflect their
susceptibilityto increag, takingoverotherlanduse types.

2. Importantincreasein MBT between 1990 and 2000, taking 912 hectaes from
broadleavedforest(BF), and96 hectaresrom mixedforest(BM). This increase has
occurredprincipally in the northwestextensionto the naturalpark (Figure 4). As
MBT has continuedto increasein the secondperiad (2000-2006), thistime from
conifer forest(BC) (648 ha) and BM (137 ha), expansionof shrubland shouldbe
consideedanimportantdynamicandasowill beassignedo activitytypefunction.
3. The vulnerability of this location to developmentof tourig infrastucture is
eviderced by the constructionof a 52 hectare campsite (IDR) between1990 and
2000in azonepreviouslygivenoverto naturalvegetation(VE) on theshoreline just
to the north west of the national park (in a smallpocketof land lacking natural
protectionrelatedto thetouristresortof MatalascafigsA 53 hectare constructiosite
is alsoin evidene. In the secondperiod (20002006), 15hectaes of which had
becomeurban fabric by 2006. It is clearthat all typesof urbanfabric (TUC and
TUD) aswell asconstructionsites(ZC) andsportsand leisurefacilities (IDR) must
beassignedo functionactivity types.

Landusedemand:

Table 1: Land usedemand for the 8 function activity types

Description Spanish acronym ha 1990 ha 2000 ha 2006

Continuous urban Fabric TUC 407 407 451
Discontinuous urban fabric TUD 6 6 6
Construction areas ZC 53 53 38
Sports and leisure facilites IDR 13 65 65
Permanently Irrigated land TRP 419 369 351
Fruit and berry plantations F 100 241 241
Crop Mosaic MC 0 50 50
Shrubland MBT 3307 4464 4939

Onthebasisof the observed UCC dynamicgTabe 1), landusedemandvasset for
the 8 functionclasses.

58| Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, 2012



Hewitt, Cellsbutnot cities

Neighbawhoodrules:

The neighborhoodrules (method, step 6) are key to the transition potential
computation which comprises the core of the CA modd. To determine the
neighborhoodules,relativevaluesrepresentingpersistere, attractionandrepulsion
areappliedto all land usecategorieswith respectto the function categdesin the
model(Figure 3). Theseparametersre thenappliedby the model toeachcell with
respectto all other cellsin its neighborhooda totalof 197 cells including the cell
itself (up to 8 cellsin any directior). As only the cells belongingto the function
categoriesarehavethe ability to relocde within the modd, neighborhoogbarameters
mustbe setto establishtheir behavia, with respect to themselvegpersistene) and
otherfunctionsor non-functions(attractionandrepulsia). The mostintuitive way to
explainthis conceptis in termsof a graphfor eachland use, having representing
distancein anydirectionawayfrom a cell containinghatlanduseandy representing
relativeforceof attraction (RFA).

Otherparametersaccessibiliy, suitabilityandzoning:
Threenetworklayerswereincludedin the pilot modd, roads, irrigation channels and
rivers. In theinitial calibration,accessibilitywas appliedonly to theirrigated crops
(TRP) andfruit andberry plantationg(F) land uses, principally becausehese were
the mostimportantdynamicdikely to beaffectedby accessibilityconditions. Zoning
parametes were establishean the basisof the land userestrictionsof the useand
managemenimasterplan (PRUG, with highestand secondighestlevel protected
areas(reserveand restricteduse) beingdesignatedtrictly restrided (no occupation
permittedby newland usé, protectedareasoutsideof thesezones weaklyestricte,
and other areas, suchasthe buffer corridar, unrestrictedor al anthropogenidand
use functiors. Non-anthropogenidand use functions (shrubland) were allowed
everywhere.

Technicd calibration goodness ofit:

The goodnesf fit of the technicalcalibration dependson two key parametes,
guantityandlocation As we haveseenpreviousy, quantityis determinednitially by
theinputdemandor eachland use, but ultimatelyby theamountof available landn
the maprelativeto the rankingfor thatland usein the transitionpotential tablethat
is, even if all demandfor one particularland useis not completely allocted, the
model run may terminateanyway becae all availablelocationshave beerfilled
with otherland usesthat scoredmore highly in the TP ranking. Although notall
demandwill necessarilypeallocate, thisis quitea sati$actoryway to deal withreal
world pressue, competitionand uncetainty. This makesit difficult to estimatehe
success othetechnicalcalibrationexercisesolelyin termsof quantity. A goodbasic
startingpointis to comparethe crosstabulationfor M1 and M2 with its counterpart
for thesimulatednap(M1 andMS2); Table2 (below).

It can be seenthat thereare someearly successg andquite a few areaswherethe
modelhasnot performedwell. For exampg, the expansiorof the shrublandcategory
(MBT) overthis time periodhasbeenadequéeely representeth termsof gainsfrom
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the relevarn categoriesn approximatelycorrectproportiors. Thoughthereis clearly
room for improvemenm, the model seemsto be beginningto refect the LUCC
observedn reality. Turningto theexpansiorof fruit and berrycultivation(F), we can
see, fromthediagond, thattheinertiaof this category(the RFA with respecto itself;
Figure 3) is sucessfullypreventingmigrationor occupatiorof existingF. The 141
new hedaresrequired have been drawn from grassland(PN) and (TRP), again
reflectingtherealsituation. Howeve, while in themodelthe majorpart of thegainto
this categoryhascomefrom PN, in realitywe can seethatvegeation (VE) andnor
irrigatedland (TLS) havealso contributel, somethinghe model hasbeenunableto
reflect.

Pressure and competition between land uses - represented by forces of
attraction and repulsion:

Example 1 (top), persistence (intertia) of fruit and berry plantations (F)
Example 2 (bottom), attraction of non-irrigated land to fruit and berry
plantations

Force of attraction (relative)
-
g
5

Neighbourhood distance (cells)

TLStoF

TLS lightly aftractive to Fat distance 0, and up to distance 2
with gradually decreasing intensity

Forcs of attraction (relative)

1 2 3 4
Neighbourhood distance (cells) -

Figure 3:Examples of neighbarhoodrules

In this casethe adequateesponsavould beto returnto theneighborhoodulesand
try to establisha greaterattractivenesgor F at distace O for the VE and TLS
columns.Thelossof 50 ha of otherirrigatedland (TRP) hasbeen correctlymodeled
with respectto F, which hasgained35 ha in the model against44 in reality. But
agan, somethings notquiteright, asin themodelit canbe seerthat TRP hasnot
passedb0 hato cropmosaic(MC), ashappenedn reality (MC has instadgained
from PN) and haslost 19 hato TLS, a vacantland categorywhich shouldnot have
gainal. This behavig, gain to a nonfunction categoy, is probablycausedby the
modelseekingto obtainthe correctdemandfor TRP (which has deasasedoverthe
modeled period) and allocating excesscells to the first available category(i.e.
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categoryO, TLS). It needsto be rememberedn thesecasesthat the demandfor
vacant categorieds invisible to the modéd. In this cas, it is very likely that this
unwantecbehaviorcanbe compensatetbr by makingTLS moreattractiveto F, thus
solvingtwo problemsat ace. MC needsalsoto be mademoreattractiveto TRP so
thatthe modeldoesnot find itself with surplusdemandat the endof the run. On this
bask, further adjustmentsvere madeto the neighborhoodules, resultingin some
improvementgTable3).

Table 2: comparisonof crosstabulation results.Corine 1990(M1) occupied the columnsin
bothcases. M1 has been crosed with thefirst simubtion attempt (M S2) at top, and with the
red corine map for 2000,bel ow.
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Table 3: second comparisonof crosstabulation resultsafter adjustnent of neighbarhoodrules.
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With regectto location oncethe quantityhasbeenapproximatelycorrectlylocaed
by the iterative process describedabove (set neighborhoodrules, output cross
tabulatiors, adjustneighborhoodrules, return to crosstabulationsetc), the more
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intractatbe problemof location can be considerd. The key to a workable useful
model (see[16]) lies in the produdion of a visually acceptablesimulation,where
land usechangescanbe seen by modelendusersandstakeholderso haveoccurred
in locationswhere availablempiricalknowledgesuggestit is likely to occu.

‘t\ e .
Sy S D in none of the maps
"\:\J — /9

N
Na 31.. L
\;3 |:| in both maps

Jak
. B only inmap 1, notin map 2

o m—

; 7 W only inmap 2, notinmap 1
n \
r~ 5/
\ ' -
% (”
\\ \
‘\k )) -~ A
A: shrubland (MBT) B: Other irrigated
e crops (TRP)
e {:«\

e
<)

/
{
Sy
|
—t
{
f

\\ (
\ \
S

C: Fruit and berry
plantations (F)

- D: Grassland (PN)

Map 2: Map Comparisonresults for 4 key land use categories. In thelegend, map 1 refersto the
real map for the year 2000, whilemap 2 isMS2, the cdi bration simulation for the sme date.

Theresultsof the model for MS2 (the year2000) are shownabowe. Simplevisual
inspectionswere carried out in the Map ConparisonKit, a softwareapplication
provided by RIKS for free download a http://www.riks.nl/mck/. Though the
softwaredoesoffer a rangeof techniquedor statisticalcomparisorof maps,in this
ca®, the simples, visualcomparisormethod(per categorycomparisorfor eachland
useclass)was usedin this caseto asseswvhetherthe simulationperformancewas
broadlyacceptat®. The modelshowssuccess irsomeareas,for example(compare
with Figure?2) in theareaof extensiorto theparkproperin the northwestcornerthe
growth of new shrublandollowing lossof eucalyptugplantationhasbeensimulaed
with a fairly high degee of success (MB, map 2A). It canalso be seenthat the
claims of successin terms of quantity (above)are not borne out with respectto
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location Though new hectaresof fruit and berry cultivation (F; map 2C) were
simulatedin termsof changedo andfrom the approptatecategoris, the simulation
did not choosethe correct locatiors. This is probablybecausehere were a lage
numberof possiblelocationsgiven neighborhod, aacessibility and zoning rules
relativeto asmallquantityof newF to beallocatel.

Pilot simulation: massiveexpansion ofcitrus and strawberry

The final part of the technicalmodelingprocessconsistsin the applicationof the
calibraed modelto futurescenariosFor this purposea simplesimulationwas built
on the basisof empiical knowledgeof the evolutionof the Dofiananaturalareaand
theresultsof crosstabulationanalysisof land usechangesThis scenariopostulates
anexplosivegrowth of citrus andstrawberrycultivationto atotaldemandf 2000ha
in thecurrentlyavailablelocationsby 2030(Map 3). Thesimulatian, whichwe have
called massive expansionof citrus and strawberry, is extrene. Howeve, although
continuedexpansionof intensivecultivationin the zoneimmediately adjeentto the
protectedhaturalareais highly undesirabe from the point of view of conservatia,
the historical tendencydoes indicate that further expansionis possibé. It is very
unlikely indeed that an expansionof intensie citrus and strawberry cultivatioras
great as that postulatedn this scenariowould or could take place, but sometimes
whatif... type scenariosmaybeimportantin communicatinduture threat®r risksto
stékeholdersor testingresilierce of zoningmeasuregagainst hypotheticalorstcase
scenarios.

/

2030 Massive expansion of citrus
and strawberry scenario

2000 Real map (corine land cover)

Map 3: Resultsof the massiveexpansionof citrusand strawberry scenario for theyea 2030.

Areas of fruit and berry cultivation are numbered. This highly unrealistic test scenario
nevertheless illustrates the potential of the model to address real world questions of interest to
natural resource managers, such as: what areas are most valteedpansion of intensive

cultivation?

Conclusionsand future work to improvethe model

At presentthework presentedherehasnot attemptedo integrateknowledge outside

the realm of the technical accuracyparametergresentedchere by involving the
stakeholder community in the model building process. It is generally accepted that
decisions are likely to be implemented with less conflict and more success when
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they are driven by those who are likely to bear their consequences [17]. Though
participatorywork is ongoing, some stakeholder feedback has already been obtained
[3]; in summary, stakeholders and researchers are in agreement that the model could

be improved in the following ways:

1. Improvedland usemappirg. The corineland coverdatausedin the pilot studyis
too simplistic, future modellingwork will employlarger scaleland use/covemaps

(3].

2. Accessibilitymapswere not includedfor all land covertypesin the pilot model.
Accessibilityto infrastructuress likely to inhibit or stimulat LUCC, so including
aacessibilityfor a widerrangeof landuse classess likely to improvethe model.

3, Suitability maps were not included in the pilot model. Physical suitability is
importantto avoidallocationof particularland use typesin areaswheretheyarenot
normallysuitable(e.g. irrigatedcropsin mountainareas).

4. Studyareadoesnot take into accounta large enoughareato reflectall possibe
implicationsin the territory; the studyareawill accordinglybe extendedo include
thewholeof thehydrologcal catchmenbof the river Guadiama(Map 1).

5. At presentthe scenariosdiscussedrevery simple, andcurrentlynot alignedwith
thosedevelopedor Dofianahroughparticipatoryworkshopsby Palomoetal [18].
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Abstract

This paper aims to investigate a new way of locating potential impacts of flash
floods. Mapping surface flow concentrations, using a new metridbais a cellular
automaton RuiCells, is shown to qualitative align with observed and known
instances of damage caused by flash flo
northern France (Parisian Basin). Numerical simulations enable the assessment of
the elations between the organisation of thalwegs networks and surfaces for a given
basin form. An index of concentration (IC) allows detecting the confluences in
upstream of which networks and surfaces are spatially well organised. A strong
correlation betweae observed damage, field experiments, local knowledge and maps
of IC index exists as simulations underline many places where flash floods induce
important material or human damage and where further surface flow concentration
results in highlyincised gulles. In rare cases, no validation is possible because
nobody can confirm the degradations.

Introduction

The origin and the prediction of flash floods in small and ungaugedbasinsis
gettingincreasingattention [1, 2] and the last decadeshave seenan increase in
forecastingof such eventsin numerous countries [3, 4,]. Such type of natural
hazardsthreatengeople,causesncreasinglossesof buildings andnfrastructures
and occurs ina short time-duration. Generated shortly following high rainfall
intensties, flash flood are characterizedby suddenonsetor rapid rising time. A
surge may rush down the main valley just a few minutes after rainfall has
peaked[5, 6]. To betteraddressthelack of availableinformation,various models
and approacheshave been carried out. By necessity,the investigationson recent
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flash floods generally are everi-based and opportunistic as theyenhancethe
information content[2, 7]. While meteorologicalobservationsprovide relevant
details on the timing and location of conwection in the storm envirorment [8],
hydrologicaland physical processesemain still difficult to assessbecause:i)
flow measurenents and classical field-based expermentations (as the
reconstitutionof maximum peak dischargeghanks to slack water depods) are
rarely collected in basins of small-size; ii) these flood are insufficiently
documented and are difficult to monitor in real time becausethey produce
destructiveeffects to measuringdevices; iii) the infrequencyof these events
makesthe statistcal analysisand calibration of modelsdelicae.

In this study, our objectives are to use a cellular autanaton approach(the CA
known as RuiCells 7 9, 10, 11] in order to: i) promote further understandingf
the effects of runoff concentrationswhich areinfluencedby basinform, slopeand
the drainagenetwork during flash floods and ii) to measurethe potentials of
concentrationsince local to global scales.The framework usedis common to
other cellular autanata and respecttwo main properties: a CA is a model
simplifying the reality to a group of autanatesdealing with information and
inducingcellular actions CA use preciseand finite state,as homogeneousnd
interconnecteccells. The guiding principle of RuiCells follows the idea tha
mechanich rules of flow base on topograply can be combined with a cellular
autanata representatio of spatid processe to bette assesgshe complex relatiors
bewween basnh structure and surfae flow pathways While numerows distributed
hydrologicd models hawe bee reaized with Digital Elevation Maps nore of them
allow for the estimation of potentid surfae flow concentratiain all parts within a
basin Numerous studies hawe typically focusel on the relation betveen the globd
catchmert morphologyand its hydrologcal responseameasuredt the final outlet
The= studies underlinal difficulties encounteré when linking loca responseg (sub
basirs or hillslopeg to this globd behaviow ard this aim has been one of the main
issuess for geamorphologiss since the 1 9 ®O[®2, 13]. A few studies haw
successfuf shown tha the draina@ network organisatio plays a key role on
hydrologicd functionality. Others recenty defined the globd respone as the resut
of linear systen (with a linear relation betveen mean dischages and the bash size9
ard shaw that globd catchmert respons can be summarized by an IUH, Instantaneos
Unit Hydrogragh [14], evolvingin a Geamorphologt InstantaneosiUnit Hydrograg
[15]. However, in this study we use a cellular autamaton approab to bette link the
locd hydrologica rules to the emergene of globd hydrologica responsesOur main
god is to identify all sub-basirs in which high surfae flow concentratios can be
hidden at large scales ard this approat is applied on small- size basirs where
floods occurrel in orde to creae preventim maps. Assuming tha this tod is
relevan to the plannirg of ard protection from sud types of events it could be
usefu for the understandig of floods in valleys which remain ungaugedMoreover
definition of flood potentid in temporaly streams is requirel to asses the extert of
probabé flooding in the future.
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Framework and structure of the specific French CA model RuiCells

Previows expermentatiors in CA modelling for surfae wate flow provide severa
advices ard recanmendations The main difficulty in thee models is generaly to
establid all the links between topographt variables sudh as the elevation ard its
derivative and hydraulic variables as wate fluxes. Furthemore, from a numericd
perspectivesquae lattices induce problems for simulating the runoff routing [16],
as surfae flows do not follow the red drainage Different studies also highlighted
the critical influence of the DEMs cells size on the accurag of extractel networks
[17, 18]. Consequentlyin the CA modd RuiCells, we choo® to use a lattice basel
on triangular regula and interconnecte cells basel on a Digital Elevatim Model
(DEM) ard we define simple rules to simulate the interactiors bewveen bash form,
slope ard the drainag network.

The structure of RuiCells is basically sunmarized as follows. The first step
pemits to create a topological mesh in triangular finite elements. In this, the
direction of the steepestslope gives the downstream directionof flow and this
information availablein each cell is draped over the DEM (figure 1). The
lowest diagonal was chosento obtain more realistic flows. Each cell contains
the pointer to its lowest downstreamneighbour.Thesecondstepassigns
onehydrologicalrule for each cdl thetriangularfacetsrepresentlementary cells
on hill-slopes;the linearportionsthethalwegs and severalnodesthe local closed
depressionsCombining these rules in the third step, we aim to simulate the
interactionsbetween thesevarious surfacewater flows [18, 19]. Each cell is
linked to upstream/ downstreancell(s) by a flow graphto form a cellularunit.
The connectivity between those cells is directed predaminantly by the
morphological link structured by the mesh (or lattice) as well as the
neighbourhoodtopology of cells. There, contraryt other CA classical
models, flow pathways are not only guided by the neighbourhood or
vicinity conditions.This approach assoes thatlinearrunoffs andspatial
runoffs aredependentand a synctronous advection operator also avoids the
problem of order in calculi. Indeed, processis iterative in RuiCells. It means
that surface,flows or othervaluesusedduring the simulation flow at the same
moment. Consequently,RuiCells is basedon a generalied cellular autmaton
model,in which cells have differentfacets andn which flow pathways represent
real effects ofthe morphological structure and not only its topology. The
structure of the CA used here is different from classical cellular autoata
models: we respectformal guidelines (aspatiallattice, a small number of states,
one iterative process)but we adaptthemto ansver to onehydrological problem
(hence,important changesappearfor transition or neighbouringrules). Soit can
be consideredasa GCA i GeographicalCellular Automata [20].
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Selection of the studied basin Points extracted from
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Figurel: Constructiorof thecellularunit basedn a DigitalElevationMapin RuiCells

The Cellular Routing Schene (CRS)

At the beginningof the simulations,cells are initialized with their own surface
andthe autamaton handlesthe advectionoperatormoving eachsurfacebetveen
eachcell simultaneously. We conservethe main property defined as locality in

classical Cellular Automata [10]: the transition rules operateon cells directly
basedon local neighbourhoodBut in this case,we do not use the Moore (4) or
Von Neumann (8) neighbourhood (foexample) because¢he surfaceflow follows
the downstreamdirection as defined previously. Here, the Cellular Routing
Schemne (CRS) dependon the surfaceflow from eachcell and on the updating
of the values of al the sub states.Surfaceflow is routed downstreamvia each
row of cells until the downstreamboundaryis reached.The main difficulty rises
when two neighbouring cks exist. A previous study has shovn that a flow

partitioningin various directions is better [17] The flow dispersionis classically
deduced by dividing the flow between a maximum of two neighbouring
downstream grid cells [21]. However, the routing schene used here is

proportionally partitoned according to the slope angle and such a procedire
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improves the diffusion of surfaceson eachcell (figure 1). The triangular mesh
givessatisfactoryresults,particularly in floodplains andthalwegs.

Simulation outputs

Graphsobtainedat theend of the simulation processshowthe sum of surfacesat
interactionand not only the numberof cells as a functionof distancen from the
outlet. Stepsare not tine but ratherdengthstepsbecausehe surfacdlow diffusion
dependson the spatial lattice size. So, these graphs give a picture of the
theoreticalspatial behaviour of a given basin in two dimensions and improve
previous methods.The width-function defined by Shreve(1969) informed on the
number of links in the nework at a flow distancex to the outlet but the graphs
obtainedwith RuiCells arenot only basedon the distancealong neworks. The
Link FrequencyDistribution or the areadistancefunction proposedby Kirkby
(1976) also not gave the same resultsbecausethe distributionof pixels covering
the drainage area was always used [13], while the surfaceflowing in RuiCells
follows three deteministic rules (differencesbetveen surface, linear or node
transition) and is based on a triangular lattice. For the sane reasons,this
modelling approachoffers more realistic resultsthanthoseobtainedwith the area
distancefunction and differs from those using a surface flow travel time
probability distributionthroughnetworks[13] as time is not integratedduring the
CA iterative process.

A specific index to measure surface flow concentrations

To quantify the surfaceflow concentrationst local scales,we proposeto divide
the highest peak of surfaces(Smax) observedn the surfaceflow graphsby the
squareroot of the basin area (A P located upstream(figure 2). Smax is equal to

the highestline of cells locatedat a distancefrom the outlet andis measuredat a
given iteration(ItMax). We also divide Smax by the squareroot of upstreamin

following the well- shonn relation between dischargesand squareroot of basin
areas. We multiply the ratio by 100 to render the analysis easier: the value
obtaired for Smax correspondsto a percentageof the averagediameter of the
basin. This index of concentratiori IC 7 enables usto surveythe increaseof

basinwidth with the cumulative distanceof surfacedrom the outletand it offers
a new metricto encapsulat¢he intensityof flows (figure 2). Valuesautanatically
calculatedduring the simulation processareavailable in eachcell and have same

significanceregadlessof the basin areaif the numerical model never changes.
The results should be interpreted differently if the resolution evolvesEven if

indexes do not have a scalar dependencea numerical model with higher
resolution naturally gives lower values for the peak of sufaces(Smax) and
consguently for the IC index. In this study, we always usea DEM of 50 meters
long. When IC indexes are equal to 50, it indicates a medium surface flow

concentration;i.e the peak of surfacesequals to the half of the aveage
diameter. When IC indexes exceedthe value 55 (this arbitrary threshold was
validated during our first field investigations) networks and surfacesappear
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really well-structured Points or linear with IC up to 55 are potentialpoints of
importantcon@ntrationof surfaceflows on a shortdistance Next, we investigate
whetherthesesimulations capturewhat is occurring in reality and whether they
should be linked to instancesof damage after previous flash flood eventson the
five studiedbasins.

B 5.71ha Smax
IC= x1
i ———
= 51.2 (point 3)
(65 11.13 km

124 ha

i 1 : 3] Smoy — 3
t 4 2 £ Smaﬁl ¢
1 e q 2 A =% o ¥
%" ! 4 AR s
7’ 0 200 m 0 200 m
A f _ ? Smoy 3 11.13 km

Figure2: Calculationof the specificindexof Concentrationuniquelyon thepoint3 here.

A casestudy: potentials of concentrationin four basins of small size
(<25km2)

Maximum surface flow concentrations emerge mapping the index of
concentration(IC) in five studied basins. The basin of StMartin presentshigh
value (IC = 56.3) at point 2 as naworks and surfacesare well-organized in
upstream(figure 3). Valuesgreatly increasefrom points 3 to 2 but gradually
decreasedownstreanmfrom point 2: the maximum peak of surfacesnever changes
while upstreamareaincreases.In the basinsof Warnette,the same patternsare
observed(high valuesand compact forms) but the IC index is not so important
becauseareaspresenta gentle compactness.

InL 6 E a u the ftow encentrationsuddenlyincreasesn the main channeldue
to cumulative and constantcontributionsof the subbasinsinto point 2. The basin
of Aunette presents internal homothetic behaviour [13] due to several
concentrationsmneasuredat the outlet of upstream sub-basins. Values decrease
betveen confluencesut the flow concentration increaseagain at points 2 and 3
andat the final outlet. In thesebasinstheC index remains high whenthe peakof
surfacesandthe averageadiameter proportionally increae. Concentric organization
of surfacesn compactform, regularcontributionsof sub-basinsandself-organized
neworks explain high values.On the other handelongatedshapes, spatial shifted
contributionsof sub- basinsand non-hierarchicalnetworks flatten this IC index.
This result explains why indexes are unrelatedto the basin scale and confirms
that a basin areais convenientfor investigating thespatial behaviouof a basin
in selfsimilar basinsbut not in non-self similar areas[22].
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Figure3: Mapsof IC obtainedon four studiedbasinsn NorthernFrance.

Links with instancesof damage observed after flash flood events

Field observationswere conductedin the five basinsjust a few days after flash
flood events(figure 4). In the basin of Saint-Martin, high IC matchedexactly the
sectionswhere most of the damages were registeredafter the event of June
16th, 1997. The sectionwith IC up to 50 [between points 3 to 2, going upstream
to downstrean] presentedrosionsin theroadalonga distanceof 500 m with an
averagedepthranging from 1 to 2 m. Severalcarswere draggedresulting in the
deathof 3 people.In this sectim, high concentrationsnducedhigh level of risk
for urbanizedareas:the suddenrising peak occurredin lessthan 15 minutes,
taking people outside by surprise. Sadiments, stones and roundballers were
transportedup to the final outlet located 2.1 km full downstrean. Extensive
financialcosts(3 M U )andlossesn humanlife werefinally linked in this section
to high surfaceflow concentrationvhich were aggravatedy farming upstream
areas[11]. Other damage was locatedat the overall outlet, where urbanization
facedto flood. In the basinof L 6 E a u mundatedareasand damagewere also
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correlatedto the simulations.Inhabitants,field measurenentsand videos confirm
that the water levels reachedl m to 2.3 m in the centerof Villers-Plouich,where
gravels, sedments (clay, limestonespand strawdepositsin severalhousesexceed
50an. Collective water networks were saturagd in the western part of
Gouzeaucourtbut the suddenpeak wave appearedclearly alongthe road D917
from the subbasin Bois Gaucherjust after the confluenceidentified as the first
upstreanpoint with IC upto 55

L’Eaunette -~~~
Equal level lines (10 m) P 12. 2 (A
Main level lines (50 m) (o
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Figure4: Links with instance®f danmageon thefour studiedbasingrelatedto thefigure 3).

The watertreatnent plant located nearthe D917 was also affected, resulting in
water pollution. Forests downstream tried to reduce the effects of flow
accunulation, thus flooding decreasedwhere the river joined the town of
Marcoing (located 3.1 km in the north). The other points with high IC on the
basin of Aunette sustained less damage. In rare case, as in the basin of
L 6 E a u (figutetd)ehigh IC existsin grasslandsand in uninhabitedareas.As
nobody lives nearthesesites, correlation betveen simulation and material losses
is difficult to evaluate.But in eachcasestudy, hydrological problens havebeen
observed due to surface flow concentration,particularly along roads which
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enhanceflow velocity. Thus mapping the IC values appearsto be a good
indicator of what is taking place on the ground. Intersectingmorphological
process, numerical simulationsand damage due to flash flood offers promising
prospects.

Discussion

Previous reviews have focused on the effects and impacts of morphological
featureson hydrological responsesover the past forty years[13, 22, 23]. But
well-assessingthe dynamics and potentials of spatial behaviours remains
challenge Traditionally,the width-functionor the distanceareafunction provided
methods to characterisethe catchment responseas a function of its
geanorphologicproperties.But thesemethods presentimportant dravbacks [11]:
they describe morphological features in a planar dimension and they never
consder the dynamical impacts of topography on surface flow concentratio.
Same reviews indicated other limitations suchasscaledependency{24] or fractal
propertieswhich can falsify the results of compactnessor circulatory indexes
[25]. In this case,with a CA approach,we proposea new metric to accountfor
theinteractionsbetveenneworks, forms andsurfacesHortoniansystens presenta
regularincreaseof the spatialbehaviourand of the surfaceflow concentratiordue
to regularcontributionsfrom the tributaries.It clearlyconveysinternal homothetic
behaviours when several highsurface concentrationsare observed at several
outlets. In addition, simulations show original patterns such as a decreaseof
surface concentratiordue to non-hierarchicalorganisationof netwvorks,or various
internal efficiencies. Mapping the IC (Index of Concentration) pemits to
calculate and quantify this concentrationin all parts of a given basin. In
summary, this study confirms that more than the basin size, the morpholodcal
structureandthatthe spatialorganisationof netvorks detemine thedistribution of
surfaceflow concentrationandthe potential accuracyof runoff processes.

Conclusion

The understandin@f flash floods in small and ungaugeddry valleys is hampered
by a lack of hydrological and geanorphologicaldata. The rarenessand violence
of such events do not render the measurenent of the role played by the

topographyeasy. In this study, we proposeto use numerical simulations basd

on the cellular autanaton RuiCells as a new metric of measuringdynamics of

spatial behavioursacrossscales

The Index of Concentratio allows measurenert and quantification of the dynamic

effecs of morphologicd componens from locd (cellular) to globd (outlef) scales on

surfae-flow concentrations Morphologicd systens defined by the relationshp

betwveen the bash form, netwvork, surfae and its distane to the outlet appea of

paranourt importan@ comparel to bash size This information has been suggested
theoreticaly for a long time but this cellular application can confirm suc evidence

Same basirs suc as L Aunete bash presehinternd homothetc behaviou but othes

presemlocd concentratia which remains hidden if we stay at the globd scak (Saint
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Martin). Using the IC, we dete¢ wher the surfae@ flow concentratios can
suddery appea ard induce damage on house and/a roads Validation with red
losses locd knowledge amd field measurenent in thes five study basirs gives
satisfyirg resuls even if damage in some places remain unknovn due to the lack of
peopk to confirm suc observationsin addition the strorg interaction between land
use cove ard topograply requires importart attention at locd scale high percentag
of cultivated area upstrean points of concentratios in the SaintMartin and
L 6 E a & basirs ¢xplan violent onses despie thes area representig a small part
at the globd scale This work isin progres to identify othe basirs in which cultivated
ares are dominart upstrean concentratin. This work is being carried out in 60
basirs in the Nord-Pasde-Calais ard 180 basirs in Seire-Maritime. Our hope is to
be able to help risk manages to locake area with high exposue to flash floods to
plan structurd measure to redue sud sensibilty to violent hazards
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Abstract

Transition rules form the main and most important component of the cellular
automata (CA) as they control to a great extent the model behavior and output.
Contributirg to the ongoing effort in the literature, we present in this paper a data
mining based approach to empirical derivation of CA transition rules. The
methodology employs the Naive Bayes (NB) classification to predict future
generations of the automata and extended spatial representation of the NB
nomogram to visualize the classifier and examine intraregional pattern differences.
The methodology is implemented using free and open source software and libraries,
and is illustrated in the case of modeling dyrics of an invasive species, namely
Phragmites australis. The results suggest that the proposed methodology has high
potential to provide transition rules and capture intraregional differences of the
process modeled. The extended spatial representatithe aflassifier nomograms
gives insight into the classifier and reveals varying patterns of neighborhood
influence among subareas within the studied site.

Introduction

The cellular automata (CA) paradigm has attracted much attention in modeling
spatial praesses in both natural and urban environments [1ts2jlear definition of
space and time, flexibility for relaxations over the original form, and compatibility
with the GIS raster format increase its potential and applicability to a number of
domains.

Amongst the CA components, the transition rules have a direct and large influence
on the model behavior [3]. In the original form of CA, transition rules are
deterministic and based on the states of the cell and its strictly defined neighbors. In
order tocope with needs of the environmental and urban systems, certain relaxations
of this form are needed [2] as purely deterministic models may yield inaccurate
results. These relaxations are needed due to (i) randomness, which is inherent in
processes in theatural and, to some degree, the urban environments, and (ii)
uncertainty, which is embedded in our knowledge of those processes. Also,
transition rules are primarily a function of the neighborhood composition, and for
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many applications the shape and sizé t he #Ainfluential 0 nei
[3]. Finally, in environmental and urban systems, there usually are a number of
external significant variables that need to be incorporated in the transition rules
along with the neighborhood composition [4].

CA transition rules control to a great extent the outcomes of the model. Successful
modeling depends on the transition rules capturing the essentials of the modeled
process [3]. This requires understanding of the causalities and mechanisms of the
process in gestion. While causal relationships between the process and the external
factors might be indicated in the literature, the quantification of those relationships is
not always available [4]. Especially the composition and configuration of the
neighborhood &s to be derived empirically.

Methods that have been applied to derivation of CA transition rules include multi
criteria analysis [5], principle component analysis [6], genetic algorithm [7], and
neural networks [8]. In this paper, we aim to contributéhts effort by examining

the potential of a data mining method, namely the Naive Bayes (NB) classification,
for providing CA transition rules. NB is a widely used classification technique due
to its simplicity and good performance on a wide range of pnublg9]. The
classification is based on Bayes Theorem and the assumption that input variables are
conditionally independent given the class variable.

We present a CA modeling methodology that is based on data mining elicited rules
and test it on a case siudf modeling an invasive species. The main characteristics
of the developed methodology are the use of NB classification for providing CA
transition rules, and the visualization method, based on using a nomogram, to give
insight into the classifier and tet intraregional pattern differences. The
methodology aims at a generic tool that is applicable in different fields and capable
of revealing hidden patterns through the strength of spatial data mining techniques
[10]. The methodology is illustrated indltase study. Finally, we discuss the use of
free and open source software (FOSS) in the methodology and CA modeling in
general.

The methodology

The methodology employs a NB classifier to mine CA transition rules and predict
the next generation of the amata. A simple NB classifier is presented in Figure 1;

the probabilities of an object to belong to each of the possible classes are computed
by Bayes Theorem given a number of attributes, then the object is assigned to the
class with the maximum probalbyli

The exercise of determining the next generation of CA can be depicted as a NB
problem; for each run of the CA, we attempt to predict the state (class) of each cell
(instance) in the next time stefr-1) given the composition and configuration of its
neighbors as well as a number of auxiliaayiables, if any. If we lethe cell state in

the next time stepS;;) be the response or class variable, and the states of its
neighbors in the current time step and, if applicable, the auxiliary variable® be th
independent variables (or attributes), then we can compose a spatiotemporal NB
net work as shown in Figure 2. In this ¢
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mining jargon ar e, respectivel vy, equi val
they ae used interchangeably throughout this paper.
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Figurel: Naive Bayeglassifier the simplest form of Bayesian networks

The spatiotemporal NB network in Figure 2 is an example of a case where a 5x5
extended Moore neighborhood is adopted. The principle beaapplied to any
neighborhood size,e., 3x3, 7x7, 9x9, etc. It is worth noting that cells within the
neighborhood in Figure 2 are labeled to indicate the ring to which they belong. That
is, the cell in question is labeled 0, cells adjacent to it (tiggnal eight Moore
neighbors) are labeled 100 through 107, cells in thesteye outer ring are denoted

200 through 215, and so forth. This is important for exploring the effect of spatial
configuration (or allocation) and we use it later to examine asdalize the
influence (weight) of different cells, within the analyzed neighborhood, on
predicting the future of the cell in question. This approach allows accounting for the
configuration of possible states around the cell in question, rather than tierely
composition, in predicting its state in the next generation.

A sample set of instances is needed to build a NB classifier. The quality of the
classifier depends on the representativeness of the sample set. As the classifier deals
with spatial data, # sample should be spatially stratifiegs. samples should be

well spread over the geographic space of the region. The sample should also be
stratified with respect to the class variable in order to obtain as good priors as
possible for the NB classifiian. Finally, should auxiliary variables be
incorporated, a sample is drawn from their multivariate distribution such that, for
each variable, the sample is marginally maximally stratified. Minasny and
McBratney [11] introduced a conditional LHS algorithfoLHS) that samples
variables from their multivariate distributions as above mentioned and, in the same
time, ensures the occurrence of the value combinations in the real world. Their
Matlab code was ported to Octave for this study. The cLHS functioivesca table

of all instances within the region and returns 10% as a sample.

Classifiers can be visualized using nomograms to provide a summary of the
influence of different variables on the classification [12]. Mozitaal. [12]
introduced a NB nomogramh er e t he variablesé domains
that indicates their contribution to the prediction, with regard to a certain class, as
point scores. The prediction is then made by summing the scores and finding the
corresponding probability and, ub, class. For the spatial case of this study, we
further map the scores of different attributes (states of cells in the neighborhood)
back to the neighborhood window. That is, for each cell within the neighborhood
window, the method illustrates the effextf t hat cel | baenitheg #Al i v
probability of the celt4l. i n question to Dbe
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Figure2: Spatiotemporal NB network; states of cells wittiie neighborhood window as well

as the state of the cell in questio the initial timestep formthe attributes ofhe classifiethat

aims topredicttheclass of theell in question in the next time stepe(assign it to one of the
possible states)

Implementation of the method

The algorithm implementing the methodology is presentefigare 3. First input

grids and parameters are read in and checked. The potential of the NB classification
for the problem at hand is tested next. The potential is tested usinéphl IBoss
validation procedure, where data is split into 10 equally ssekdets each of which

is used for testing a classifier trained on the remaining subsets. The evaluation result
(averaged over the ten runs) is reported to the user, who may choose to halt the
execution of the algorithm if low accuracy is reported. A sangpthen drawn from

the data to build a NB classifier. The algorithm then continues to run the required
CA generations.

The model can run in both probabilistic and stochastic modes. In case the
probabilistic mode is chosen, the classification is obtauhieectly from the NB
classifier which assigns an instance to the class that maximizes the posterior
probability. For the stochastic model, Monte Carlo simulation is run in which the
next generation is determined by obtaining the probability of each @estarbelong

to class fAl0 (denoting a Ilive cell) fror
assigning a state according to the drawn number, and moving to the next generation.
This is done repeatedly for a number of iterations.

Free and open source seére was used in the model development. The model itself
was written in Python and Numpy was used for numerical computations. Geospatial
Data Abstraction Library (GDAL) and its Python bindings were used for handling
input and output of raster grids. OranBata Mining and Machine Learning Suite
was used for the data mining part. Orange provides a range of data mining
techniques, including the Naive Bayes classification and classifier visualization
through nomograms [12]. Training samples were obtained dogittonal Latin
Hypercube Sampling implemented in Matlab [11] and ported to Octave.
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Figure3: Model flowchart

Case study and data set

The developed model is applied on the case of the common Reeeg(ites
australi§ expansion on the Finnish shor&he common reed has taken the Finnish
shores in many places in the last decades causing habitat changes, influencing a
number of species, and lowering the value of the impacted coastal and archipelago
properties [13, 14]. A model capable of predicting fatdistributions of the reed

beds is needed for the planning and management of the area.

Reed coverage maps from Svartback (Purola), an approximately’sdtémear the

outlet of River Kymijoki at Ruotsinpyhtad, were available from years 2003 and 2006
(Figure 4). The area is shallow inner archipelago, with average water depth of 7.5 m.
The area represents well the Finnish coast with parts of it influenced by a river and
others far away from any river mouths. The openness of the shores within the area
varies considerably.

The model spatial resolution was set to 4 m, which istbind of the mean diameter

of the maximum circles inscribed in patches that changed in a\hegperiod
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(20032006). The model was initialized with the coverage of 2003 andoruthree

generations (years) to predict the cover of 2006.The model was run stochastically for

1000 iterations to simulate the reed dynamics in the study area.

The study area was divided into three subareas (Figure 5) in order to examine the
potential d the NB classifier and its nomogram to capture particularities of different
subareas. The model was run for the area as a whole using a classifier trained on
samples from all parts of it. In order to make comparisons, the model was then run
separately foeach subarea using a classifier trained on a sample from that area.

Classifiers from the whole area and each subarea were evaluated udiid 10
crossvalidation. Model outputs using different classifiers were compared by the
accuracy of the predictede® map of 2006. The accuracy is given by the proportion

of cells correctly classified. For our case, the output of the classifier falls within one

of four groups as shown in Table 1. Denotingreedc upi ed cel |l-s by i
free cell s iboyn ADfo, c @lhles fo aarcikeeR{Glabsy=1c | as si
>=50%) and the fraction of iee(Class=d)o<rr ect |
50% ar e, respectivel vy, referred to as t}
rates. The other two propontie in Table 1 are the error rates referring to cells
assigned to one of the classes while observed otherwise.

Figure 4: Location of study area and its reed coverage in 2003 and 2006
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Figure 5: Subareas within the study area for which intraregionafpdaiféerences are
examined

Results

The NB classifiers for different subareas are visualized in Figure 6. Figure 6 (a)
shows the nomograms of each classifier. We can observe different patterns of how
each attribute influences the probability of the celiquest i on to be
next time step. Figure 6 (b) presents the relative importance of the attribute mapped
back to its corresponding location in the neighborhood window. The latter figure
conveys spatial patterns in the influence. For subarttee influence is as expected,

that is, the closer the cell the more influential. In the other subareas the effect is
skewed toward the west and north (subarea 2) and the south and east (subarea 3).
Table 2 lists the results of the -idld crossvalidation for the NB classifiers
obtained for different regions (subareas). The table presents the accuracy of each
classifier, averaged over the 10 folds. The overall accuracy is above 80%. Classifiers
are recording higher accuracies when they are regpeuific.

The actual and predicted reed maps of 2006 are shown in Figure 7. The accuracies
and errors of the predicted map are presented in Table 1. The accuracy was further
investigated for the two possibilities of state changethe accuracy of predicting

cels having the state #1110 AdP)er amei nvg c@0 «
(denot&d@opy fihe model failAgWd twmasperse.difdr
caseAbd® fibBe accuracies are |listed in Tabl

2 and 3, the euracy is enhanced by applying models with regipecific
classifiers.

A stochastic model with 1000 iterations elapsed 9h25m. With a 4 m cell, the raster
grid of the area consists of 1407 columns and 1390 rows. The neighborhood window
chosen was 9x9. Thiresults in a table of instance with 81 attributes (plus the class
attribute) and approximately 2 million instances. The model run time depends
greatly on the number of cells within the area and, to a lesser degree, the number of
attributes. The model wasin under Ubuntu 11.10 OS in a machine with 16 GB
RAM and 4 processors at 3.2 GHz each.
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Figure6: Visualization of classifierfor eachsubarea(a) nomogramseflectingthe influence
of each attribute (cglbn the probability of the class variablelcstate in the next time stefn)
be cl askod;fi ®@md a(sbenceofehe atttibutesenappedtheir spatial positions

in theneighborhood windowwith darker cels beingmore influential

Table 1: Classifier accuracy and error rates

Obs er vediloc |

Observef@ c

. N True positive False positive (error 1)
Predict &d [0.779 [0.063

. R False negativéerror 2) True negative
Predi ct eod [0.221 [0.937
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Table2: Average accuracies of classifidrem different g@graphic areas

10-fold crossvalidation

Area

(averaged)
Whole study area 0.823
Subared 0.865
Subare& 0.871
Subared 0.983

Table3: T h e

accuracy
classifiers for each subarea

0Afl Op rceadsiec tuisn gn gt hgspenified i ¢

Model applying

Model applying

Area . e . i )
generic classifier site-specific classifier
Subared 0.572 0.529
Subare& 0.459 0.528
Subared& 0.392 0.454
T, 0
% h
T, %% R‘é
Y g
L
HE% Actual Ko *  Predicted
t [ Reed cover * [1 Reed cover
[ Land °D l:l Land
[Jsea %“ [1sea
VM
L. 5‘,
< s A QQ Pyo ® h
Figure7: Actual versus predicted reed coageof 2006
Discussion

The method shows high potential of deiegtintraregional differences within the

study area.

The nomograms and their extended spatial representation reveal hidden

patterns of the process manifestation in different locations. This can enhance our

knowledge

of the phenomenon in question. For asecthe unexpected patterns of

neighborhood influence in subarea 2 and 3 might be due to rspémific currents,

sources of

nutrients, or other external factors. With further investigation, the causes

can be verified and incorporated in the model toaek its predictability. Adopting
locally trained classifiers yielded higher model accuracy as listed in Table 3. The
presented method can help overcome the concern of a single set of rules for large
areas [4] by capturing intraregional pattern differerared adopting regiospecific

rules. The

method exploits the available data maximally by analyzing not only the
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effect of the composition (quantity) of various categories within the neighborhood,

but also the effect of their configuration (allocation).

While the overall accuracy of the NB classifiers and the CA model is good, the
ability of the model to precisAly anddic
AnAOO, is stildl | oIWwd , Ftolre tphree dciacstei oonf cfiaOp a |
which was infially low, was enhanced by adopting regispecific classifiers for

subareas 2 and 3. This is due to the particularities of those sites revealed by the
nomogram and the extended spatial representation of the neighborhood influence
(Figure 6). For region ,lhowever, the predictability of the generic classifier was

higher. This might be due to the large area of region 1 which accounts for 70% of

the whole study area. Although specific for their own regions, instances from region

2 and 3 are generally in lingith those from region 1, and therefore incorporating

them in building the classifier increases the training sample size and, consequently,
enhances the classifierds performance.
The model failA®Od rtaseetétibgeh defactthal he r e
the expansion of reeds, rather than disappearance, was the dominant trend between
2003 and 2006, accounting for ttlirds of the state change cases. This can be

solved by training separate classifiers for the expansian § 81 0) and
disappeaance (e."A00) cases. Anot her cause can b
reeds is mainly occurring next to the shoreline and is probably due to manual
removal. While the CA neighborhood effect reflects on the reed expansion
mechanism (which proliferate m&nby rhizomes), it cannot predict results of

human intervention such as the manual removal.

The performance of the model can be considerably enhanced by incorporating
auxiliary variables, explanatory to the phenomenon, in the classifier or in posterior
steps. For the case of reed expansion, those might include the water depth, the
sediment type, the nutrient load, and the relative sea openness. The neighborhood
influence in many spatial processes, although highly influential, cannot solely
explain the proess. However, auxiliary variables were not incorporated since the
purpose of this work was to examine the potential of data mining techniques to
provide CA transition rules, with no emphases on the case study. From this
perspective, having reached accuraegr 50% by analyzing merely two maps of

reed coverage from different years suggests that the proposed methodology is
capable of capturing patterns of the process modeled and providing CA rules that

are, when necessary, regispecific.

Both probabilisticand stochastic modes are implemented in the algorithm. The NB
classifier is acknowledged for its high performance in predicting the class of an
instance [15, 16]. Running the model in a probabilistic mode, thus, exploits the
strong feature of the NB clafier, while running a stochastic model allows
indicating the uncertainty of the prediction by the probability distributions from
different iterations.

Running a stochastic model with 1000 iterations elapsed about 10 hours. A
probabilistic model elapsessk than 10 minutes. Taking into account the heavy
computational load, the model execution is rather fast. For each iteration, arrays of
cellsé and their neighborsé states are s
exponentially as the neighborhood esigrows; choosing a 9x9 neighborhood
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window, for instance, results in a stack of 81 arrays. These arrays are then
transposed and flattened to obtain a table of instances readable by the classifier. The
effective masking and indexing functions of Numpy hefiimizing the model by
keeping track of unmasked cells, often faced when modeling natural and urban
processes. This makes it possible to avoid classifying irrelevant instances and, in the
same time, maintain the spatial position of instances, thus #ogethe model
efficiency.

The use of FOSS and libraries allows the code modification and reuse by other
researchers for other applications. The ability to set different sizes of cells and
neighborhood windows and the ability to incorporate any numbeorabination of
variables gives flexibility to the model. Combined with the algorithm efficiency, this
helps initializing multiple models with different settings and variables for the
purpose of finding the appropriate choice of parameters for the proeess b
modeled.

Further elaboration on a number of aspects would enhance the methodology and the
algorithm. This includes testing the methodology for multi categorical applications,
building classifiers for each transition case, adding posterior refinenteps s
(application dependent), and implementing automatic detection and handling of
intraregional differences in the process patterns.
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Abstract

This paper has two objectives. The first one is to examine the performance of a set

of spatial models built to define functional urban regions. Moreiipaly, the

models are tested using recent census data. In the second objective, an extension of

the modeling approach is tested. Instead of predicting density values to later classify
them in quadrants of the Mor gpédstthecatter
quadrants. This new approach seems to perform better. In summary, the findings
obtained with this study suggest or even confirm the value of spatial analysis
techniques as a promising approach to define and monitor FURs. This comes along
espeially as an alternative approach where more specific data is not available, but
usually easily accessible census data may be used for that end.

Introduction

Large urbanized areas formed by several municipalities bring particular challenges
to urban manage and planners. On the one hand, the administrative limits of those
conurbations go well beyond the limits of the individual cities that form them. On
the other hand, they are often not large enough to match the boundaries of the
superior administrativeubdivisions, i.e., states or provinces. Therefore, one of the
alternatives to deal with that administrative problem is the definition of tralkxl
Metropolitan Regions (MRs), or Functional Urban Regions (FURS). Several
methods have been developed tfirdeFURs. But given the inherent complexity of

the concept, it is not always an easy task (for a recent literature review on this topic,
see [1] and [2]).

In short, one of the methods for defining FURs is based on commuting flows
between regions, as obged in Europe [3] and in the United States [4]. Some
authors, however, argue that the commuting intensity itself is not able to show the
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degree of economic integration between a metropolitan center and its hinterland
(e.g., [5] to [9]).

The lack of propedata is an issue regarding the application of commuting flows
based methods. Some alternative approaches have been presented for proxying
commuting data, as suggested by Coombes [10], but they still rely on data that are
usually unavailable in developingoentries, such as the distribution of jobs.
However, the author also lists feasible alternatives, such as using roads or service
networks like bus services as a proxy for data on actual patterns of interaction.

In any case, these approaches may still eotible regarding the need for specific
data. Therefore, the authors of the Office of Management and Budget [11] defended
another alternative for defining metropolitan areas based on population density
values, since it is expected to be available in noestsus datasets. The authors
stated that "residential population density can serve as a surrogate for other measures
of activity in the absence of nationally consistent and reliable datasets describing all
daily and weekly movements of individuals".

The ue of population density for defining FURs can be analyzed in many different
ways, though. This was shown by Ramos and Rodrigues da Silva [12] and [13],
Ramoset al.[14] and Manzatet al.[15], who have explored the use of the attribute
with spatial analges tools, such as spatial statistics and spatial modeling. More
specifically, the spatial statistics concepts used Exploratory Spatial Data Analysis
(ESDA) techniques [16], and the spatial modeling was based on principles of
Cellular Automata- CA (e.g.,[17] to [22]). Also, Pereira and Rodrigues da Silva
[23] investigated another technique based on cluster analysis.

While those applications of spatial analyses using population density led to
interesting and promising results for the definition of FURsn&&¢o and Rodrigues

da Silva [1] extended the approach with the inclusion of an infrastructure supply
index. Their assumption claimed that in the absence of traffic flow data as one of the
possible methods to define FURs, a proxy measure that quantiekeval of
transportation infrastructure supply might relatively well replicate the actual traffic
flows. Thus, the definition of FURs could eventually rely on the level of
transportation infrastructure supply or, alternatively, on indexes that reprasent t
supply level in each municipality. The findings obtained by these authors and later
on by Rodrigues da Silvat al. [2] suggested that the use of a transportation
infrastructure supply index combined with population density within a spatial
analysisbhased approach is a promising alternative to define FURSs.

Given the above, the objective of this study is twofold. First, with the recent
availability of the demographic census carried out in 2010, we tested the models
developed by Manzato and Rodrigues da&Sj1] in the sense of validating them

with new data. Second, we also explore an extension of their models, considering a
simpler model specification. It consists of using essentially the same model
structures proposed before by these authors, but tdkiegaccount as model
attributes only the quadrants of the Mor.
density and the index of infrastructure supply.

This paper is structured as follows. Next section presents the methodology proposed
followed by theresults obtained. At the end, some concluding remarks are drawn
and the bibliographic references are listed.
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Methodology

The present study followed the methodology proposed by Manzato and Rodrigues

da Silva [1]. They built spatial models to define FURsg¥SDA techniques along

with principles of CA. In the case of ESDA, zones are classified regarding a given

attribute value in relation to the overall average value and also in relation to the

average value of the adjacent zones. The results, which captesented in four
guadrants of the Moranos -calledBox Mapjpcarot and
be classified as follows:

1. High-High (HH): in that quadrant are represented the zones with positive value
for the zone and positive average value fartiguous neighbors. Positive values
are always above the overall average value.

2. Low-Low (LL): in that quadrant are represented the zones with negative value
for the zone and negative average value for contiguous neighbors. Negative
values are always belotive overall average value.

3. Low-High (LH): in that quadrant are represented the zones with negative value
for the zone and positive average value for contiguous neighbors.

4. High-Low (HL): in that quadrant are represented the zones with positive value
for thezone and negative average value for contiguous neighbors.

Two basic attributes were used: population density and an index of infrastructure
supply, as shown in Equation 1. This index refers to an area under the influence of a
particular transportation sgsn (in this case, the highway network) and it is
composed by weighted buffers around that system.

= N .
a, o)A
IC, =—1~"—
AX 1)
IC index of infrastructure supply coverage for zone

X
g(l) function that determines the weight of each buffer, sucg(ii)sl' [0,1]

A area of each buffer comprised in a zane

AK area of zona

n number of buffers.

Zonex menti oned her e i s rel ated to t he mu
boundaries, which comprise our units of observation and where such attributes were
calcul ated at. The quadrants of bdhor ands

population densityRD,) and the index of infrastructure supplC{), respectively
referred to a®)PD, andQIC,. Along with these four attributes, given this @ased
spatial modeling approach, additional attributes were included. They comprised the
average value of the population density in adjacent municipali#igy @nd the
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number of adj acent municipalities in ea
obtained forPDy (e.g.,nHH pp, NLLy pp, NLHy pp, @ndnHL, pp). We have adopted a

binary measwe of adjacency (neighbor / not neighbor). In sum, nine attributes are
defined for such spatial models.

Following Manzato and Rodrigues da Silva [1], two basic model structures were
applied. The INNLOUSt®O, i whealkl| edp@ioddaft a r ef
t i me, xoa pyaeratr si from one anot he-steplaemkbr t he o
exampl e, i f tthe @oudipsi te gduaatla tios tfien year s,
beti 80dti 200 aintldd ofi year s. The s e c calied mo d e |
ATL+100. Al though it apparently has only
and another one for the output, this structure was constructed in such a way that the
information about two or more periods of time is also considered in the niduael.

data from distinct periods of time are placed on the top of each other, as if they were

in the same column of a spreadshwoet . Th
entries (or municipalities, in  oxwda case.
enties. In other words, the second kind of model has more cases in the dataset. On

the other hand, it ignores lostgrm effects that can only be captured if the same

entry is seen in several time steps at once, as it is the case of the first structure.
Figure 1 exemplifies the model structures described above.

-30 -20

(1960) (1970)
IN IN IN ouT

-20 | -10
=30 (| 20| [ 710 t IN o our|#
ave0y | | aoroy | | aosoy (1990) (1970) (1980)

MODEL “3 IN 1 OUT”
-10 4
{1980) (1990)

MODEL “T, T+10”

Figure 1: Overview of the proposed model structures

Considering both model structures along with the attributes defined, Manzato and
Rodrigues da Silva [1] built a set of four models divided into gnamups. We can
observe that population density is the basic element among the several attributes
used to represent lante. Therefore, a first group of models only took into account
these attributes. Table 1 specifies the model structure and the adtiibclteded in

this group. As the interest was also in the influence of the transport infrastructure
supply on such modeling phenomenon, a second group of models included the index
of infrastructure supplyiC,), as a way to capture some effects of thespartation

land use relationship on the occupation of the territory along time. The index was
not, however, included using the respective values across the years analyzed.
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Instead, a variation across time steps was considered. For example, in the model
stuct udNelOB T 0, a differentid 0Db e tAiBelenii waesr

i 0

calcul ated. For tfTReOmode!| tBerochere hahd,

regarded two consecutive years across the respective pairs of periods analyzed. In
any case, thatariation of the index was normalized between 0.1 and 0.9 to avoid
null or extremely high values, what could produce some inconsistencies during the
simulations. A summary of the proposed models, with the distinct structures and
attributes, is presented Trable 1.

Table 1: Structures and variables used in the distinct models proposed

Model Structure Basic attributes Input attributes QOutput attribute

- 3IN 1OUT Population PDy Q'?Dx: PD,-;.
density NHHypo; NLLypo; PD,
ML NLH, pp, NHLy pp

3IN10ouT  Population density PD,; QPD,; PD;;
+ NHHy po; NLLxpo; PDy
T,T+10  |nfrastructure supply NLH,pep; NHL,pp; ICx

A wW|N

The data used to calculate those attributes were obtained essentially from two
sources: the demographic censuses carried outhby Brazilian Institute of
Geography and Statistics, and the State Highway Department. The former provided
initially the population data in the years 1960, 1970, 1980, 1991 (here considered as
1990), and 2000. This same source also provided a vector geimgdapabase with

the municipalitiesd boundaries. The |
network for the years 1960, 1970, 1980, 1990, and 2000.

Given the data available when Manzato and Rodrigues da Silva [1] carried out their
study, the spatial odeling process comprised three phases: calibration, validation
and forecasting. First, in the calibration phase, they used the 1960, 1970, 1980, and
1990 datasets. In doing so, they obtained the weights and the mathematical functions
of the artificial newal networks used to compose the spatial models. In the second
phase, they applied the 1970, 1980, 1990, and 2000 datasets for the validation of
these models, comparing the predicted results with the real values. These two phases
are essential in the modled process. It is also important to pay attention to the
periods taken into account in both phases, as the year 2000 is not considered in the
calibration phase because it will be used in the validation phase to test the models.
Conversely, producing estates for periods before the year 1990 would not produce
significant results, because such periods were used as outputs for calibrating the
models.

The results of the third phase, when the authors forecasted values for a future time
step, are of specific farest in this study. In that stage, Manzato and Rodrigues da
Silva [1] extended their analyses for estimating values for the year 2010, using the
1980, 1990, and 2000 datasets as input data. Recently, the results of the 2010
demographic census became &lde [24]. Therefore, using essentially the same
models developed before, the estimates of the forecasting phase for 2010 could now
be tested with the observed data for the same year. This allowed another evaluation
of the set of models proposed.
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Notwithganding this model validation, an extension in the set of models was also
tested. These additional models follow the same structures described before (i.e.,
A3IN1IOUTO addl Giadr),, but the difference rega
as inputs andhe output. More specifically, these models are built only using the
guadrants of the Morands scatterplot obt
index of infrastructure supply as inputs, e.g., respectiv@®Db, and QIC,. The

output is the quadrantfo t he Mor ands scatt eQpl)ot for
Table 2 summarizes the specification of these additional models.

Table 2: Specification of the additional models proposed

Model Structure Basic attribute Input attributes QOutput attribute

QUADRANTS
Population density
+
Infrastructure supply

5 3IN 10UT
QPDy; QIC, QPD
6 T, T+10

Results

The results of models 1 to 6 are presented in Table 3, which shows the partial and
total percentages of correct quadrant estimations. This measure is givee by th
comparison of the observed values in 2010 with the values estimated by the models
in the same year. It is important to emphasize that models 1 to 4 estimate population
densities and models 5 and 6 directly estimate the quadrants. Therefore, the
population densities estimated with models 1 to 4 were subsequently classified in
guadrants so that the results became comparable.

Considering models 1 and 2, which have earlier population density values as the
basic input attribute, the performance of model 2 app® be better than model 1.

This can be observed by the total percentage of correct quadrant estimations, which
is equal to 9%0. The partial results are also higher for model 2, except in quadrant
LH. However, given the significant difference in quadsalLL and HL, and in the
totals, model 2 performs better.

Analyzing models 3 and 4, which include the index of transportation infrastructure
supply, their performances seem to be better than models 1 and 2. The additional
attribute indeed contributes toet improvement of the models and this is in line with

the original findings obtained by Manzato and Rodrigues da Silva [1]. In a direct
comparison of models 3 and 4, although the totals are the same, model 4 has a
higher percentage of partial correct estiibns in quadrant$iH, LH and HL.
Therefore, this model seems to be better than model 3.

Looking at the results for models 5 and 6, which are the additional models proposed
here, their performances were even better than the previous models. This is
especally the case of model 6, which results in the highest percentages of correct
guadrant estimations.

Despite the above, it is important to evaluate these findings in terms of the
distribution of the errors produced by such model estimations. To this end, we
selected the models that performed better within their specifications. That is, the best
models between 1 and 2, 3 and 4, and 5 and 6, respectively. From the above, models
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Considering the models that estimate population density (i.e., models 2 and 4),

Map 1 shows the representation of the population density over the territory for

observed and estimated values. It is important to emphasize that Map 1 presents the
acual values of population density (both observed and estimated) and not the
quadrants. Model 2 is able to provide good estimates within the official metropolitan
regions (shown by the areas delimited by a white line), but produces errors outside
those regios. On the other hand, model 4 provides good estimates outside the
official metropolitan regions, but does not perform well within those regions.

Table 3: Partial and total results of the percentages of
correct quadrant estimations in 2010 for models@ to

Model HH LL LH HL Total
1 91% 86% 88% 75% 87%
2 91% 95% 71% 94% 93%
3 85% 99% 71% 69 % 96 %
4 91% 97% 92% 75% 96 %
5 90% 99% 79% 88% 97 %
6 91% 99% 96 % 88% 98%

Also, the results of these models can be represented in térthe quadrants, as
shown in Maps 2 and 3. A visual and direct comparison can be made by looking at
the two smaller figures on the top of Maps 2 and 3. However, most importantly, we
are interested in the distribution of the errors. To this end, we faasghe
municipalities whose resulting quadrants obtained from the estimated population

density deviated from the quadrants obtained from the observed population density

values. The legends elaborated for Maps 2, 3 and 4 show the observed occurrences

fisthlod beod

n

contrast

Wi

t h

what

t he

esti

analyze the distribution of such occurrences over the territory, it became evident that
model 4 produces fewer errors in comparison to model 2.

Finally, Map 4 presents the distribati of the errors produced by model 6. It was

argued before that the results of this model were the best, given by the comparison
of the percentages of correct quadrant estimations. When looking at the distribution

of the errors over the territory, this n@groduces even fewer incorrect estimates in

comparison to both models 2 and 4.
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Map 1: Observed and estimated values of population density in 2010
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Real Quadrants 2010
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Map 2: Quadrants of observed and estimated values of population density in 2010 and
distribution of inorrect quadrant predictions resulting from the application of model 2
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Real Quadrants 2010
I High-High (58)
Low-Low (546)
I Low-High (25)
B High-Low (16)

0 100 200
—
Kilometers

MODEL 4 - Incorrect quadrant predi

300

Became:
HH LL LH
Not ]
= observed 4
o L[]
(1) - 15)
Not A
observed @) observed
Not Not
observed  (4)  observed
0 50 100 150
Kilometers

Map 3: Quadrants of observed and estimated values of population density in 2010 and
distribution of incorrect quadrant predictions resulting from the application of model 4
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Map 4: Quadrants of observed and estimated values of population density in 2010 and
distribution of incorrect quadrant predictions resulting from the application of model 6

Conclusions

This paper had two objectives. The first one was to examine the performanset of a

of spatial models built to define functional urban regions. More specifically, the
models developed by Manzato and Rodrigues da Silva [1] were tested using recent
census data. In the second objective, an extension of the modeling approach was
tested.Instead of predicting density values to later classify them in quadrants of the

Mor anés scatterplot, the new model s dir
findings of this study are summarized hereafter.

First, considering a model structure where theybatpn density is estimated, the

analysis suggests that models 2 and 4 have the best performances, although they
provide different results. Modé& has similar density distributions when compared
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to the actual data (i.e., in 2010) in the official metritaal regions. However,
outside those regions, several density values are not correctly classified using model
2. On the other hand, the predictions of motiate not good within and close to the
official metropolitan regions, but the model performs bdtian modeR in the rest

of the state.

Second, when looking at the results provided by the original models in terms of
guadrants of the Moranés scatterplot,
significantly improved(Maps 2 and 3)In this particular ase, model 4 performs
better than model 2. In both cases, howerwrstincorrect predictions are located
around the official metropolitan regions.

Finally, when analyzing the performance of the additional models that were based
only on the quadrants ofeh Mor ands scatterplot, t he
models (5 and 6) perform better than the previous ones (models 1 to 4). This was
shown in the example of model 6 (see Map 4 and Table 3). While model 4 provides
correct estimates for 9% of the casegmunicipalities), model 6 predicts 98 of

the total number of cases as correct. In addition, model 6 provides much more
uniform predictions within the quadrants. Remarkably, all those advantages come
along with a simpler model structure.

In summary, the fndings obtained with this study suggest or even may confirm the
value of spatial analysis techniques as a promising approach to define and monitor
FURs. This comes along especially as an alternative approach where more specific
data is not available, buisually easily accessible census data may be used for that
end.
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Abstract

The mode structure of a land use change Cellular Automaton (CA), i.e. its set
of transition rules, is often idertified rather arbitrarily. We propose a more
objective approac that selects the model structure from aset of candidate structures
using observational dataof land use This is done in a Bayesian framework
that sequentially assimilates observational data into the CA, where the model
structure is defined as a probability distribution of transition rules. The advantagef
the approach is that it combines expet knowledge and observationa daa in
identifying the transition rules, teking into acwmurt the uncetainty in the
observational data. The approad is evduated in a case study of a land use change
model simulating bioenergy cropland expansion in Brazl.

Introduction

Land use change models simulate dynamic processes and interadions that are
complex and are rarely fully understood [1]. Most land use change models, apart
from agent based models, are grounded on some form of constrained Celular
Automaton (CA). A constrained CA can be defined as adiscrete cell space with a st
of patential cdl states and a set of transition rulesthat control the state of each cdl
constrained by the number of cels required for ead land usetype (the demand) [2].
A wide range of individual theaies exists to describe the land use system, which
gives riseto avariety of transition rulesbeing used [3].

The model structure of aland usechange CA, i.e. the set of transition rules, is often
identified somewhat arbitrarily, manly using expert knowledge [4, 5]. In other
cases, extensions of standard statistical methods are used, usually some type of
regession on a land use map for a single time step, separate from the model
itself [6-8]. This comes with the perils of finding rules valid for only a particular
point in time, missing fealback effeds, or detecting only a single effedive
combination of rules, while various ones exist. Therefore, such methods are not
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oriented towards complexity [9]. Same use more complexity-oriented methods to
identify model structure, like neural networks[10, 11], Bayesian networks [12], and
particle swarm optimization [13]. A problem with all these approades is,
however, that they do not take into acourt observation uncertainty [14].

In addition to modd structure identification, i.e. defining which processes shoud be
included, model calibration, i.e. parameterization of these processes, is required.
Yet, cdibration could be considered pointlessif the model structure is incorred. To
overcome this problem, we propose a method to simultaneously identify model
structure and cdibrate parameters of a land use change model using observational
data.

Key requirements are to: 1) include prior knowledge about the model structure and
paraméers; 2) usea sound statisticd framework that is cgpable of reacnciling model
uncetainty and observation uncertainty; 3) be able to utilize observations not
only of the cdl state (land use), but also of other variables or derived spatia pattern
charaderistics, e.g. patch size, zoral summary sttistics, or connedivity, becaise
thesehelp to identify the underlying processes [15]; and 4) integrate model running
and model structure idertification to take into acount temporal effeds.

Data assimilation techniques have the potential to fulfil these equirements, becaise
they sequentially update the model rules and parameters at time steps when
observations are available. Most of these techniques rely on Bayes éheorem and
thus have a sound stdtistical basis. They are increasingly being used to
cdibrate spatio-temporal models in a wide range of different fields in the
environmental sciences, such as oceanography [16], hydrology [17], amrd
atmospheric transport [18], but hawve, to our knowledge, not yet been applied for
model structure identification and are new in the land use change field [19, 20].
Here, the potential of data assimilation for model structure identification and
cdibration of a land use change CA is evduated by mears of a case study of
modelling the expansion of sugar cane fields in the S&o Pauo state in Braal. This
is relevart in view of the current debate on the sustainahlity of bioenergy from
dedicated crops when land usechange is t&en into accaunt [21, 22].

A brief explanation of data assimilation is provided in the nex sedion. The
subsequent sedion outlines the case study setting, model set up with potentia
structures (prior information) and the observational data. This is followed by
preliminary results and a discussion ard conclusion sedion.

General framework
A CA, with the state variable(s) z; and initial state ¢ can be defineds:

Z; = f(Z,_1, i, pp). foreachr=1,2, ... T ()

In equation 1, f, is the st of transition rules at time step t that simulates the system
of, in this case, land use change. The vedor i, represents al inputs and
boundary condtions and p, contains the parameers. In a stochastic model, the
uncetain parts of the system are described stochastically. So, ft is a probability
distribution of possible transition rules and it and pt the probability distributions of
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the inputs, boundary conditions and parameters. Together, they determine shape of
the resulting probability distribution of the state variable, referred tp(zn.

Bayes fule to updates a probability distribution of a variable, when evidence, i.e. an
observation, of this variable arrives. Sq, for the time steps at which observationa

data are avalable the following equetion is evduated.

ploelze) » p(ze)

. for each 7 @
plog)

p(zlo,) =

In equation 2, p(qy) is the probability distribution of the observations, acordingly
taking into acount the uncertainty in these observations. p(0t|z:) is the joint
probability density of the observations at t given the model state, which can be seen
as the likelihood that the observations occur given the model. The posterior
probability p(z:|ot) is the probalkility distribution of the state variable z adjusted to

the obseravtions.

Numerically, equation 1 is often solved using Monte Carlo analysis, which
represents probahility distributions by a number of realizaions A numerical
solution of equation 2 is the particle filter, a data assimilation technique that
filters these redizaions aso cdled particles, sequentialy. At ead time sep for
which observational data are avdlable it uses Bayes theorem to assess the
probability that a certain particle and the observed data can be considered equal
[23]. Herein, the following steps aretaken:

1. A number of N redizations are drawn from the initial probability distributions
of transition rules, inputs, bounday condtions and parameters, resulting in a
total number of N particles.

2. For all N particles the land use change model is run up to the next observation
moment, i.e. the next moment for which observational data areavalable.

3. The posterior probability, aso cdled weight, that the modelled state at that
moment is corred, given the observations with their uncertainty, is cdculated for
ead of the particles.

4. Using these weights, N particles are drawn to be progressed to the next
observation moment. This procedure causes particles with a high weight to be
copied (drawn seveaal times) and particles with a low weight to be removed (neve
drawn).

5. Steps 2 to 4 are repeded until al filter moments are completed and the model
has reached the final time sep.

Steps 1 and 2 involve the Monte Carlo simulation, step 3 is achieved by solving
Bayes dheorem sequentially:

. _ pfoclzd)<p(zh) . L (3)
P(Zfl()[) = m foreachi=1,2,...,N

In equation 3, p(a) is the prior probability of model redizaion i, which is

alwaysequal to 1/N becaise the same number of particlesis drawn after each filter
moment (step 4). If the observations are naot of the state variable, but of a derived
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summary statistic, for example relative proportions of land use in a subarea like
sometimes found in census data, the model state has to be converted to that
measure before filtering. In equation 3, p(» |or)is the posterior probability or
weight of particle i and p(ot|») is the probability of the observations given
particle i. Under the assumption that the observation error has a Gaussian
distribution, the latter can be defined as:

T }
p(o|zf) = 9_1/2[0t_z%] REI[OE_ZH, for each 7 “

In equation 4, R, is the covariance marix of the observation error and T indicates
matrix transposition.

Going through steps 1to 5 the procedure diltersd becaise many particles do not
match the observations, receve low weights, and are thus not drawn and not
progressed to the next observation moment. So, athough the number of particles
remains the same, the variation in the particles in terms of their uniquenessin the
transition rules ard values for inputs, boundary condtions and parameters
diminishes. This means tha the initial probakility distributions of these model
components are narrowed. Hence, the particle filter has identified which transition
rules are most likely to be valid (model structure), in what ranges the inputs,
boundary condtions and parameers are most likely to fal and the model has
thereby been cdibrated automaticaly.

Casestudy

A simple case study is defined to test the usability of the particle filter for model
structure identification and cdibration of a land use change CA. An important
current debate in the land use change domain is whether bioenergy from dedicated
crops is still sustainable when land usechange is taken into acourt, in view of e.g.,
carbon emissions [21, 24, 25], rising food prices [26], and biodiversity [27]. For al
theseaspedsiit is important to know where bioenergy crops have expanded and will
expand in the future. Such forecastscan be made with a land usechange CA.

A key player in the bioenergy market is Brazl, manly with the production of
ethanad from sugar cane. Within Braal, the stte of Sdo Paulo hasthe longest history
as well as the largest share (about 60% of the national production in recent yeas)
and still a significant growth in sugar cane production [28, 29]. The aduality of the
debate, together with avdlability of an annual spatial datast of sugarcane
distribution from the National Institute for Space Reseach in Brazil (INPE) [30]
as observational data, makes sugar cane cropland expansion in the S&o Paulo
state a suitable casefor testing the usability of the particle filter for model structure
identification and cdibration.

Model components from the PCRaster Land Use Change model (PLUC) [5, 31] are
used to crede the set of candidate transition rules (probability distribution of in
equation 1). The land use change is steeed by the demand for products associated
with the land use ypes, in this case sigar cane. The two mostimportant components
of the transition rules are the suitability fadors, which determine preferred locaion
of the expansion or contraction, and the allocaion medanism, which detemines the
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degee of competition between land use types. The alocaion medcanism is less
important when considering only one land use ¥pe, becaise no competition is
involved. So only the suitability fadors and their parameters are sampled from a
probability distribution. Total suitability for a land use type at time step t can be
defined as:

sp= XK (wy uy,). for each ¢ )
with ¥ (wp) =1

In equation 5, u,M [0,1] is the suitability corsidering factor k, withk =1, 2, é , K
and w N [0,1] is the weight of factor k. In the data assimilation, the model structure
is defined by updating the distributions of w for al suitability factors. Same weights
will converge to zero, indicating that the processes, which the associated witability
fadors embody, are irrelevant in the observed system. The candidate factors and a
short explanation of the processes they represent are listed in Table 1.

Table 1: Candidate suitability fadors for sugar canein SdoPaulo

Suitability factor Processrepresented

Suga cane inneighbourhood Econamiesof scde

Distance towater Water availability for growth

Distance toS8o Paulo over roads  Transportation coststo the main market
Potential yield Profits

Slope Medanization potential, erosion
Distance tosugar cane mills Transportation costs to processing unit

For the Monte Carlo simulation and particle filtering the PCRaster Pyhton
framework [32] is connededto the PLUC comporents. The observational data are 6
annual maps of sugar cane occurrence, classified from Landsat images by INPE for
the Canasat project [30], with a resolution of 30 meters and a temporal extent
from 2003 to 2010 (a period of strong growth [33], stimulated by the introduction of
the flex-fuel vehicles). The data are resampled to a 1 kilometre resolution to aign
with input data and projected to the Albers Equal Area projection to preserve
corrednessof areg an important metric property in the model. In order to redue mn
time and to show that not only observations of state variables can be used as
observational data, but aso derived summary statistics, the percentage of sugar
cane coverage in 100 x 100 km blocks is used as observational data.

Preliminary results

The model is run for 50 redizations, once withou and once with particle filtering in
time steps 2 to 7 (2004 to 2009) using the percentage of sugar cane coverage in 100
x 100 km blocks as observational data. The evolution of the model structure can be
illustrated by the ewvolution of the weights of the sixcandidate auitability fadors over
time (Figure 1). All fadors strt with aweight distribution that comprises al values
between zero and one. Over time, some particles are filtered out and others are
copied. Therefore the distributions mnverge, e.g., distance tosugar cane mills seems
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to be important as itd sveight converges to 0.7. Same fador swaights converge to
zero, which means the processes are irrelevant, at least with their drawn
parameerizations, and therefore exduded from the model structure. But, 50
redizaions are insufficient to search the complete rule and parameter space. A run
with more particleswill probably yield different results.

1.0 - *neiahborr‘modv : 1.0 - distance water
0.8f 1 0.8} §
x x x x
06 % 06 ! x x x x
0.4 0.4 x x  x x x
L L R
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Figure 1: Evolution of the weights of the candidate suitability factors over time in the ensemble
of 50 particles. Time stepi4 2003 and the increment is annual.

To illustrate the effect on the state variable, the resulting probability that sugar cane
is present in acdl in a certain year is shown in Figure 2. A value 1 indicatesthat a
cdl is certainly occupied by sugar cane, i.e. it was sugar cane in al redizaions, a
value 0 that it is certainly unoccupied, i.e. it was sugar cane in none of the
redizations, and any value in between indicatesuncertainty in presence. In 2005, the
third time sep, the model results with filtering and without filtering (Monte Carlo
only) show little difference, as only one filter moment has passed. In 2009, howeve,
the maps with filtering exhibit much less uncertainty, i.e. more cdls that have either
the value O or the value 1. This is becaise particles in which sugar cane was
alocaedin wrong locaions have been filtered out. As aresult, the large areas that
remain free of sugar cane coverage for example in the South-eastern corner and the
circular patch in the centre, are predicted much better by the model with the particle
filter than by the model withou filtering, in which ailmostall cdlsin Sdo Paulo have
an equal probability to be covered by sugar cane in 2009.

Nonetheless, the 2009 map with filtering still does not match the observations fully.
This can have several reasons. An important one is that the percertage of sugar cane
coverage in 100 x 100 km blocks was used as observational data, meaning that the
model is only required to match the amount of sugar cane in a block, independent of
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the arrangement within this block. The sugar cane is now clustered too much by the
model. Including for example average patch size as an observation might solve this.
Semndy, as stted before, not enough redizations were used to search the complete
paraméer ace. Furthermore, it is possible that not al relevant processes were
included inthe set of candidate rules, so that the model will neve be able to
replicae the observations.

2005 2009

probability
o 1

|
0

probability
e 1

particle filter
[e— 0

[ sugar cane
I ro sugar cane

observations

Figure 2: The probability that sugar cane is cultivatettiénMonte Carlo run without (top) and
with (middle) filtering, and the observations (without uncertainty) (bottom), for 2005 (left)
and2009 (right).

Discussion and conclusion

The particle filter has the potential to simultaneously identify model structure and
cdibrate parameters of a land use change CA. We have shown how it can combine
prior information and observations, taking into acwmunt uncertainty in these
observations. The observations can correspond to the state variable or a derived
pattern charaderistic, so that the absence of good quality land use maps is lessof a
problem. The approach of integrated model structure identification and model
running allows to acount for tenpora patterns, such as feedback effeds, important
in complex systems [9].
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Further reseach shoud be done using more particlesto be able to represent the full
range of possible transition rule and parameter combinations. In addition, more
spatial pattern characderisticsshould be exploited in the filter, to better cgpture the
underlying processes [15] and thus improve the forecasting capabilities of the
modd. Validation is neeled to proof whether the proposed method results in
improved land usechange predictions.
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Abstract

Since the 1960s, an increasing number of studies have focused on investigating the
determinants of urban residential location choices. Despite the valuable contribution
of these pioneer studies to the development of urban and spatial economics, many
reseachers have doubted its applicability to the real world, criticizing some of its
simplified assumptions and, most important, the underlying idea that the
spontaneous action of market forces promotes higher levels of consumer satisfaction
and efficiency ofesource use.

Contributing to this debate, this paper presents a spagigfiijcit simulation model

built to explore an alternative perspective to the one provided by neoclassical
models of urban economics. This perspective is based on the theoreticalnk
proposed by the economist Pedro Abramo in his book "The Kaleidoscopic City",
which relies on the heterodox economic literature to develop a new interpretation of
how residential choices are made. In this paper, we present simulation experiments

thate x pl ore the role of entrepreneursd acti

choice of families and the emergence of different global and local residential
patterns in the city.

Introduction

Since the 1960s, an increasing number of studies havedd@n investigating the
determinants of urban residential location choices and their influence on the
emergence of spatial patterns that are able to affect the daily life of urban
inhabitants. The theoretical basis of the current mainstream approactbao ur
residential location has its roots in models developed in the beginning of this period
by Alonso [1], Muth [2] and others. Following the principles advocated by these
neoclassical models, a unique and efficient order is achieved through residential
chdces that balance a tradéf between housing consumption and commuting costs
to work.
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Despite the valuable contribution of these pioneer studies to the development of
urban and spatial economics, many researchers have doubted its applicability to the
red world, criticizing some of its simplified assumptions (e.g., lack of
interdependence of location choices) and, most important, the underlying idea that
the spontaneous action of market forces promotes higher levels of consumer
satisfaction and efficienagf resource use [3,5].

Contributing to this debate, this paper presents a spagigfilicit simulation model

built to explore an alternative perspective to the one provided by neoclassical
models of urban economics. This perspective is based onabestical framework
proposed by the economist Pedro Abramo in his book "The Kaleidoscopic IGity" (
Ville Kaléidoscopiqug first published in French in 1998. Considering the city as a
setting for disputes between heterogeneous agents with asymmetricqu@véne
market, the author builds on the heterodox economic literature to develop a new
interpretation of how residential choices are malte.this paper, we present
simul ation experiments that explore the |
the residential location choice of families and the emergence of different global and
local residential patterns in the city.

Following this introduction, the paper is organized as follows: First, we provide an
overview of the theoretical framework that urlds our model of residential
location. Second, we introduce the goal and specification of the model, which is
calledKaleidoscopieCity as a reference to the title of Abramo’s book. Then, a series
of experiments that explore the relations between entiéscribed in the theoretical
framework is presenteé&inally, we conclude wittsome final remarks

Crucial Decisions andJrban Conventions: An Alternative Perspective to
Urban ResidentialL ocation

Instead of considering the tradf between space and assibility, Abramo
assumes that families choose their location basetighborhood externalities.e.,

they prefer places where lowgrcome families are not present. According to his
approach, the residential location choice represents an investnoéce,ovhere, for
instance, parents can invest in the family's human capital by offering good
neighborhood relations and educational opportunities to their chiigken

While making their decisions, families perceive the urban space as a mosaic of
neightorhood externalities and, consequently, evaluate locations that are being
constantly modified by their own actions
simultaneous and decentralized, no one can know in advance where each family will
decide to live. Fis uncertainty about the future can become particularly critical
when a family decide to make apportunistic decisionf investment and move to a
location with richer neighborsThis sort of decision may trigger a process that
Schelling [6] described d$ipping model": it may disturb some wealthier residents
already established in the location, motivate them to move out, and initiate a
transformation in the social composition of the neighborh@g.57} Therefore,

an opportunistic decision, seen awttrational" by the orthodox theory, has the
potential of becoming arucial decision able to lead the future residential order to
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an unexpected configuration and, therefore, establish a contesdichl urban
uncertainty[3, p.5859].

The state of radal urban uncertainty can be also (and especially) promoted by
another type of agent whose actions are essential to configure the urban order: the
capitalistentrepreneur. Based on the Schumpeterian view of entrepreneurship,
Abramo emphasizes how entrepeers are able to make profits through pinectice

of innovation By building dwellings that are more innovative and attractive than the
existing ones, entrepreneurs avoid competition with old housing stocks and redirect
the demand to the locations wheheir newly built properties are offered. Thus,
entrepreneurs are able to modify the urban order by promotirfigtiious
depreciationof old housing stock§3, p.71], whichdoes not represent a physical
depreciation of properties, but a depreciationhia $ocial status of residents living

in the location. Thissort of decision made bynnovative Schumpeterian
entrepreneurbecomes, therefore, a crucial decision that is able to lead to a context
of radical urban uncertainty.

Even in this context of unceiinty, market participants need to make their decisions
based on a game of creasticipation, where each agent must anticipate the location
choices of other agents and the neighborhood externalities emerging from them. To
address this decisiemaking prolem, Abramo relies on techniques suggested by
Keynes[7], which indicate that, more than considering their own preferences, agents
try to guess and imitate the choice of other decisiaferg3, p.112] This mimetic
behavior can converge tan urban convation, which is a collective conviction
regarding the type of family that is going to live in a particular location
(neighborhood externalityB, p.287].

By adopting a mimetic behavior, agents need to identify who is better informed and
should be imitatedIn this context arises the figure of the Keynesian speculator,
whose task is to predict the psychology of the maj&ep.137] Abramo argues

that, in the residential market, the Keynesian speculator and the Schumpeterian
entrepreneuaremerged into &ingle figure. Since Schumpeterian entrepreneurs are
the only able to promote innovations that depreaiistingresidential areas, they
seek to assign themselves the role of emitting signals that announce changes in the
residential markef3, p.139140] Considering the entrepreneurs as bettErmed
agents, families take these signals into consideration while making their residential
location choice.Thus the urban covention becomesan element of spatial
coordination that results from a mimetic speculative process where families elect the
entrepreneurs' actions as source of information.

However, if on one hand the entrepreneur sends signals that lead to a spetial ord
(urban convention)on the other hand they introduce innovations that lead to a
fictitious depreciation of housing stocks and the end of the convention. There is,
therefore, a tension between the order promoted by urban conventions and the
disorder intoduced by crucial decisions. According to Abramo, this edissrder
tension is what reveals the context of radical urban uncertainty and kaleidoscopic
spatial order that characterizes the market coordination of the urban[8parce

143].
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The Kaleidos®mpic-City Model

The orderedlisordered dynamic described above, which is quite diffdrent the

stable and efficient process advocated by the neoclassical approach, is explored in
this paper through the Kaleidoscoyiiity model. By simulating the interdendence
between the decisions of heterogeneous agents (families and entrepreneurs) and the
neighborhood externalities emerging from these decisions, the model seeks to
investigatehow crucial decisions made by entrepreneurs (innovation) contribute to
charge the urban spatial order and the lifecycle of different regions in a city.

Agents and Environment

The model presents two types of agerfamilies (consumeysand entrepreneurs
(producers).

Families are spatially explicit agents hierarchized by thacome level They are
constantly evaluating urban locations and deciding whether to move to a different
place. In this evaluation, they take two aspects into consideration: the income level
of neighbors (neighborhood externality) and the innovation degréeellings.
Entrepreneurare agents responsible for producing dwellings. They are not spatially
situated, although their actions are constantly affecting the urban space. They are
characterized by producer profile which can be innovative or imitagy

Innovative entrepreneurgroduce dwellings with the highest degree of innovation
and always in the region recognized by the current urban convention as the one
where the richest families are going to live. If convenient, they can establish a new
convertion by introducing innovations in a different region of the cliyitative
entrepreneurs on the other hand, do not have the ability of establishing new
conventions, since the innovation degree of the dwellings they produce simply
follows standards alrely set. Also, they may build in any region of the city,
although they have a higher probability of choosing the region that represents the
current urban convention.

The urban environmenthat is constantly being perceived and modified by both
types of agets is represented by a grid of cells and subdivided in different regions.
Eachregionis composed by a set of cells and can, temporarily, be recognized by the
urban convention as the region where the richest families are going to live. For
simplification, we call this region as "urbatonvention region”, since this paper
only addresses explicitly the anticipation regarding the location of the wealthiest
families.

The cells can be urbanized or not. Once urbanized, they can accommodate one or
more dwellings depending on the maximum density allowed in the region where
they are situated. The dwellings located in a cell are characterized by a certain
degree of innovation and can be occupied by family agents.

Process Overview

The Kaleidoscopi€City model was mplemented in Netlogo 5.08] and its
simulation schedule is summarized in Figure 1.
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Set up initial

|

Create new families and X Compute and report output
tr=tit1

H II

Families’ actions:
Move to a different

location and evaluate

Figure 1: Simulation schedule

SIMULATION CYCLE

Entrepreneurs’ actions:
Build new and

Initial state of the system

The environment is composed by a finite number of cBlfs {254) and subdivided

in 12 different regions. Arsall number of cells, located within a radiugro = 5
units/cells) from the center of the grid, are already urbanized before the beginning of
the simulation. Figure 2 represents the 12 regions in diffsfedes of gragnd the
central urbanized area @lighter shade

An initial number of dwellings d; = 20) with equal degree of innovation are
randomly located within the urbanized area. Each dwelling is occupied by a family
agent (Figure 2). Families have their income level defined according to a lzewe
distribution.

Entrepreneur agents are also created in the initialization phase. Their producer
profile (innovative or imitative) is defined according to a wdefined probability.

S viso 30|

— Urbanized area
(t=0)

Predefined

regions M Family agent

(consumer)

Family Income Level:

-
Lower Higher

Figure 2: Configuration of regions and family agents' distriloutiithin the initial urbanized
area

Create new families and expand urban areas

In the first phase of the simulation cy¢kigure 1) n new family agents are created
(n=15). These new families, which are not yet assigned to any location of the
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environmentrepresent a new demand for dwellings and urbanized areas during the
current time step. Addressing this demand, an expansion of the urbanized radius will
occur in case the total number of families exceeds a predefined threshold.

Entrepreneurs' actions

In this second phase of the simulation cycle, the model simulates the entrepreneurs’
actions, which are responsible for supplying the demand for new dwellings. For that,
it executes the procedures summarized in Figure 3.

The first procedure consists on selegtone of the existing entrepreneurs, which
can be an innovator or imitator. Afterwards, the entrepreneur will choose a region to
build the new dwellings. An imitative entrepreneur can select any region of the city,
with a higher probability (50%) of chemg that region that represents the current
urban convention. An innovative entrepreneur, on the other hand, will always build
at the urbarconvention region. Nevertheless, innovative entreprermmnsvaluate
whether it is convenient to maintain the ramt convention or notAccording to
Abramo[3], as the housing density of a region increases and approaches the desired
density for the place, the greater the chances that an innovative entrepreneur will
attempt to establish a new urban convention (greateertainty). In the model, the
maximum density allowed for a regiosiset as the "desired density".

D> Select Entrepreneur

v

—

YES . Evaluate current
convention

NO v
YES

g — Convenient?

Innovator?

No ||

v v

Select region to build < Establish new convention

v
Choose plot and
build new dwellings

v

\, NO Is demand

supplied?

YES |

v

Stop

Figure 3 Entrepreneurs' actions

Once the innovative entrepreneur decides to establish a new convention, the region
chosen to become the new destioratof wealthy families starts a new phase of
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development: its maximum density allowed increases by 1, all of its cells are
urbanized (in case they were not already) and, most important, the innovation level
of the new dwellings built in the region will lee highesbf the city.

After selecting a region, the entrepreneur agent will choose a plot and build new
dwellings. This process, which starts from the selection of an entrepreneur and
finishes with the construction of new dwellings, is repeated umitatal number of
dwellings meets the demand.

Families' actions

In this phase, family agents decide whether to move to a different residential
location or not (Figure 4). Families that are already living in the city may want/need
to move for different resons:

A They are unhappy about their neighborhood externality (neighbors' income is
lower than desired);

A They are attracted to dwellings with a higher degree of innovation;

A The region where they live received investments that promoted the arrival of

new andwealthier residents. Consequently, the region's price is no longer
compatible with the family income level (gentrification).

Select Family

v
VES New in

V 4 the city?

NO I
v

Evaluate current location:
Neighborhood externality
and dwelling innovation

]

It needs/wants NO
to move? ™\
YES | '
v v
\ Evaluate alternative " ’
— " Stay in current location
locations
| 2
v
Any adequate NO
location?
YES |
v

Move to selected location

Figure 4: Families' decisiemaking process
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Families who need/want to move will evaluate um tlternative locationsnc20).
In this evaluation, families search for an available dwelling that meets the following
requirements:

A Those who are dissatisfied with the innovation degree of their dwellings will
look for dwellings whose innovation degreenighin a rangethat is compatild
with their income.

A Those who are already satisfied with the innovation degree of their dwellings,
but dissatisfied with the neighborhood externality of their current location, will
look for a place where the average neighborhood inconmigieer than tle
average incomef their social group.

Families who find a dwelling that meets the pursued requirements, will then move
into the chosen location. Otherwise, they stay in their current dwelling.

Unlike innovative entrepreneurs, families are not ablententionally destroy or
establish an urban convention. Nevertheless, events that are able to disturb rich
residents who are living at the urbeonvention region may motivate them to move

out and initiate a process that encourages innovative entreprémestablish a new
urban convention. At the end of a simulation cycle, the model represents this process
by measuring how satisfied the urbaonvention region's residents are regarding
their neighborhood externality. The lower the satisfaction is, theehig the chance

that an innovative entrepreneur will decide to establish a new urban convention.

Output measures

At the end of each cycle, two different output measures are computed to monitor the
dynamics of urban regions: (a) density of dwellings iche@gion, and (b) average
income of the residents in each region (proxy of land value).

In addition, the spatial distribution of wealthy families is monitored through an
urban segregation index that measures the spatial isolatibis @icome grou9].

Simulation Experiments and Discussion

This paper presents experiments that exploredleeof crucial decisions made by
innovative entrepreneurs shaping the residential order of cities. It investigates
how thepractice of innovatiorand its abilityto establismewurban conventionsan

affect the residential location choice of families and the configuration of different
global and local residential patterns in a city.

To test the impact of innovation and urban conventions, we simulated and compared
the emergence of residential patterns under two different conditions:ithreitand

the othemwith innovative entrepreneurs.

In the first scenario, without innovation, entrepreneurs are not able to interfere on
the establishment of urban conventions,ttzere is no differentiation among the
dwellings they produce and offer to the families. In this case, the only aspect
considered by the families while choosing a residential location is the income
composition of families living in the neighborhood (neighiood externality).
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In the second scenario, 10% of entrepreneurs have an innovative profise
entrepreneurs can, therefoessume an active role on establishing (and destroying)
urban conventions. By building innovative dwellings in a certain regiathe city,
entrepreneurs avoid the concurrency with old housing stockeamnemit signals
about the future residential order in the city.

Figures 5 and 6 show thecation of families with different income levelsd the

local isolation index of wetny familiesalong the simulation of both scenarios (t=0,
t=50, t=100 and t=150). Through the comparison of these two figures, it is possible
to observe thaggregate outcome of the practice of innovation

The scenariavithoutinnovation(Figure 5) whee families'residential decisighare

only influenced by the social composition of the neighborhoods, the residential
dynamics are characterized by a higher degree of inertia, which results in an
increased stability of neighborhood externalitiess the pulation of the city
increases, families tend to occupy the urban space in a uniform manner and
progressively define the regions characterized by the presence of each social group.
The scenariavith innovation (Figure 6), on the other hand, reveals atim with a

much higher level of uneasiness and uncertainty, characterized by a greater mobility
of families in terms of residential location, which is exactly what ensures higher
profits for developers.

SCENARIO WITHOUT INNOVATIVE ENTREPRENEURS

(a) EAMILIES’ LOCATION
t=0 t=50 t=100 t=150

ses o BO® BETT w800 wnie

Family Income Level:  Lower P Higher

(b) ISOLATION OF RICHER FAMILIES
t=0 t=50 t=100 t=150

Bes v o B0 wu o BO® wie ses

AL .

Isolation Level:  Lower J Higher

Figure 5: Simulationvithout innovation: (a) faniies' location and (b) isolation of richer
families
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The maps showing the isolation of richer families exemplify this difference between
both scenarios: while in the first scenario, the wealthiest neighborhood was mainly
kept at the same place during thenslation (Figure 5b), the introduction of
innovations in the second scenario was constantly modifying the urban conventions
and, therefore, promoting a frequent change in the places where the richest families
live (Figure 6b).

It is also important to remd that the practice of innovation simulated in this
experiment, which aims at moving the wealthiest families to new locations,
promotes a fictitious depreciation of older housing stocks. In turn, this depreciation
intensifies the urban uncertainty by selting the conventions that prevailed for
other social groupsind giving rise to a chain of displacements of families with
different income levels.

This processresults in whatAbramo [3] describedas the image o& mosaic of
neighborhood externalities iconstant mutation or, in other words, tineage of a
kaleidoscopic residential order

SCENARIO WITH INNOVATIVE ENTREPRENEURS

(a) EAMILIES’ LOCATION
t=0 t=50 t =100 t=150

oo was » B0 o = 800 wm SR TR

Family Income Level:  Lower o Higher

(b) ISOLATION OF RICHER FAMILIES
t=0 t=50 t=100 t=150

Bes o O 2 B8 i ol B9 s

=
! .

Isolation Level:  Lower e Higher

Figure 6 Simulationwith innovation: (a) families' location and (b) isolation of richer families

The graphs presented in Figures 7 aritLi8trate these consideratisby comparing

the evolution ofocal residential patterria both scenarios. In these graphs, each line
represents the trajectory of an urban region. Two output measures are used to
monitor these trajectories:
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A density of dwellings, which illustrates howtensive are the investments in a
region (Figure 7);

A mean income of families, which is here considered as a proxy of the land price
in a region (Figure 8).

In the first simulation experiment (without innovations), the density of dwellings

increases unifrmly in all regions of the city (Figure 7a). This pattern is very

different from the one obtained in the experiment with innovations (Figure 7b),

where most regions have periods of accelerated increase in density (when set as the

convention region), alteating with periods of stagnation.

URBAN REGIONS: DENSITY OF DWELLINGS

(a) WITHOUT INNOVATION (b) WITH INNOVATION

w
IS
@
~

Dwelling’s density
Dwelling’s density

time time

Figure 7: Density of dwellings in the urban regions: scenarios without and with innovation.
Each line describes the density of a region.

URBAN REGIONS: MEAN INCOME OF FAMILIES

(a) WITHOUT INNOVATION (b) WITH INNOVATION
184 228
L
g S
[S] = 8 |
< \ < |
S ‘ ~ g .
s ! , 2
| 11 y i " aih
0 J e A o iR e e
0 184 0 184
time time

Figure 8: Mean income of families in the urban regions (proxy of land psicefarios
without andwith innovation. Each line describes the average income of families living in a
region.

Regarding the mean income of famili@gure 8) it is possible to observe how the
variation of thisattributeis much smaller in the first scario (without innovationk
The graph in Figure 8a shows that, afterimitial instability associated to small
population sizs, regions tend tpresenta relatively stable neighborhood externality
(and, therefore, land pricedn the other hand, becaube innovations introduced in
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the second scenarfiromote a constant restructuration of the axgsneighborhood
externalitiesFigure 8b shows pattereharacterized by "peaks and valleys"

The local outcomes of the practice of innovation can be semnria detail in Figure

9, which shows the trajectory of urban conventions (Figure 9¢) and its impact on the
development of urban regions (Figure 9a and 9b). In Figure 9a, each line describes
the dwelling's density of a region, while in Figure 9b each lesrdbes the average
income of families living in a region.

DETAIL OF SIMULATION EXPERIMENT WITH INNOVATIVE ENTREPRENEURS

( t=20 until t=85)

(a) DENSITY OF
DWELLINGS

transition

Region 1 (R1)

Region 2 (R2)
phase 1
------ Region 3 (R3)

transition

= === Region 4 (R4)

/ Region 5 (R5)

Other Regions

fictitious
(b) FAMILIES depreciation
MEAN

INCOME

Pra—
\\ fictitious
depreciation

increase "

in prices \

{c) CONVENTION
REGION R1 R2 R3 |R1R4| R5 R4 R1 R3 R2

time

Figure9: Urban conventions and regions' Idgcles.

Taking the example of Region 1 (R1), which is represented by the black line, we can
see that in periods when this region is the currerdrudonvention (highlighted with
a gray shadow in Figure 9), the place enters a transition period, characterized by
intensive investments and a sudden increase in dwellings' density (Figure 9a). At the
same time, the region becomes more attractive to ritdrailies and a strong
increase in prices takes place (Figure 9b). This transition period ends with the
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emergence of a new urban convention. Then, the investments in region 1 cease and
the density of dwellings is kept almost constant (phases 1, 2, 3).thétmost
innovative dwellings of the city being now located in a different region (new urban
convention) richer families feel motivated to move out from region 1 and are
substituted by families with lower income. This process causes a fictitious
depreciabn in region 1 (Figure 9b): the housing dwellings remain the same, but the
social status of families living in the region (neighborhood externality) decays.

By observing and comparing the different sort of information provided in Figure 9,

it is possible therefore, to see how the succession of urban conventions traces the
life cycles of urban regions, including their history of housing stocks and
neighborhood externalities. In these life cycleansition periodscharacterized by

the construction of inovative dwellings and increase in prices are separated- by
between phaseshere the housing stock is preserved, but different configurations of
neighborhood externalities take place (fictitious depreciation). These dynamic
processes, here demonstratedodigh simulation experiments, are theoretically
described in Abramo's book [3].

Final Remarks

This work presents a spatiaxplicit simulation model that explores the heterodox
perspective of urban economics proposed by Abramo [3]. Unlike the orthodox
school, Abramo's approach assumes that the residential location is not an individual
and independent process. Instead, it emphasizes the interdependence between agent's
decisions and the spatial externalities emerging from them.

In this paper, we particulal y f ocused on the i mpacts of
While in the neoclassical view entrepreneurs assume the neutral position ef price
takers, the KaleidoscopiCity model emphasizes their active role as pnwkers.

In the pursuit of higher profitghey can try to manipulate thsovereignty of
consumershrough the practice of innovation.

This alternative way to envision the residential market has implications for the
future urban order and, consequently, for the development of urban policies. The
appoach explored in the Kaleidoscogiity model is built on the Keynesian
speculativefinancial paradigm, and not on the neoclassical exchange paradigm.
Studies and policies developed under this perspective should, therefore, do not rely
on economic prediiins, but on the historical process of urban development and the
possibility of having economic agents making crucial decisions that redefine the
course of history.
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Abstract

Cellular automata that ginated from the field of computer science and complexity
theory soon found their way into various disciplines. There are several good reasons
for the implementation of cellular automata in urban growth and land use change
studies, mainly the bottomp gereration of land use change or the availability of
raster data on land use and land cover. On the other hand, cellular automata do not
explicitly represent the land use change factors and other land use change factors are
completely ignored. To overcome theficiencies of cellular automata for land use
modelling, significant modifications to the original concept of cellular automata
were adopted. This paper will present the improvements in structured form based on
examples of several existing simulation ratsd

Introduction

Cellular automata emerged in the field of computer science to be used mainly by
proponents of complexity theory to demonstrate the relation between the micro and
macro behaviour of complex systems. The cellular automata are basathen
strongassumptions of the autonomyiotiividual automatdehaviour, homogeneity

of their characteristics and transition rulébhis paper claims that those features
make cellular automata suitable for the study of general processes of urban growth,
spread of diseases or propagation of innovations, but less for study ofulsnd
changeprocesses in generdlhe main reason ¢ artificiality of cellular automata

that makes them ignommany aspect ofhe physical, economic and legal realit
causing the mportant drivers and agentf land use change being improperly
represented.

Several decades of effort to implement cellular automata for land use simulation
have brought many interesting innovations that made the usability of cellular
automata for land se studies much more acceptable. Theost significant
adaptations of cellular automata are described in the background of several existing,
well known simulation models.

Disaggregated description of land uses

The disaggregation of land use to multiple gatées is necessary to distinguish the
qualitative differences between particular land uses. The examples of land use
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categoriegypically used by models are: housing, industry, servétail, streets and
routes andn the case othe DUEM model[1] or gardens, field crops, pastures,
vineyards, riparian, native vegetation, water, urban, barren and feedlbs case

of the SLEUTH modeapplication in San Joaquin County in California, URA3].

The increase of the numbera#llularautomata states implies the higher complexity

of transition rulesThe calibration of complex transition rules is not an easy task as a
sufficiently high number of observations of land use transaxhetweereach land

use categorgre requiredin reality, land use change is a rather slow proassally
offering an insufficient number of observations, especially in some land use
categories.

To reconcile the complexity of transition rules with thaitable data on land use
changes usually the number of land use categories is decreased by aggregating the
land use categories of rare occurrence or land use categories that rarely undergo
transformation. Another solution to the problem is to decreassitbeof cells to

obtain more observation of land use changegriori constrairing selectedand use
transitionsis yet another strategy how to redube transition rulesomplexity. For
example, theCUF Il model uses specific land use sequences thatsaremed to be
significantly more probable than othef§]. The restriction of selected land use
transitions responds to the observed irreversibility of some land uses, such as urban
land uses that can hardly be transfairte agriculture land use.

Relaxing thecellular automata shape

The homogeneity and regularity o€ll shapedoes not conform to the complex
morphologyof physical structures, administrative and property bordbsgrved in
reality. This hinders the accegice of cellular automata as practical tools for policy
impact assessmerfbome land use modele.g. the one developed by Ferdinando
Semboloni[5], relax the regular and homogeneous shapeetifilar automata to
adapt to irreglar morphologyand enable the representatiohthe parcel division
and merger processebhe uneven spatialistribution of characteristicked, in the
case of CUF | mode] to individually adapting each ceihapeto get cellular
automata with homogeneos land use, regulations, ownership or physical
characteristic§4, 6].

Including distant interaction

Each cellular automaton has a static set of finite neighbours to interact with. The
influences from a broat context are gradually propagated through the
neighbouring cellular automata by changing their states. This is appropriate for the
study of diffusion processes such as processes of succession, spread of infections or
dissemination of innovations. In ré@gl many drivers of land use change are not
mediated through neighbouring cellular automata. Many land use change drivers are
active in different temporal and spatial scales from the one, in which cellular
automata act. For example many types of floves flow of products, investment or
populationare at best ony implicit to the cellular automata transition rules.
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The inclusion of distarinteractioninto cellular automata transition rulssin many
casesrealized by the extension of theellular automaéa neighbourhoad For
example, the Metronamica model extends the size of the neighbourhood from the
traditionalnine cellneighbourhoodo onewith hundreds of cell§7, 8]. The DUEM

model expands the size of the neighthood in a similar way.

An extended neighbourhood enables the inclusion of distance as a factor influencing
the strength of the interaction between pairceafular automataln this respect,
cellular automata get closer to the principle of sgateraction models that utilize
some form of distance decay function. The inclusion of the distance decay function
into cellular automata interaction further increases the complexity of simulation
models and makes the models difficult to calibrate using thiéabledata on land

use change. When considering the necessity of evaluating the interaction between
each pair of land use categories, the automatic calibration of the distance decay
function based on available data as in spateraction models is not dsibleand

some simplification of the calibration process is necessary. The Metronamica model
reduces the definition of the distance decay function to four representative points,
where each point has a special meaning in the neighbourfidBM model
implementsonly two discrete spheres of inénce[8].

The inclusion of distant factors of land use change increases the ability of cellular
automata to reflect important drivers of land use change. On the other hand it does
not chage the fact that the cellular automata immobility prevents from meaningful
representation of r e al mebteagentcd reatlze @si si on
preferences either by exploiting the characteristics of the localityhich it resides

or to move to a newocation from its preferences point of view more suitaflee
agentbased models are therefore closer to the decision making processes of real
agentssuch as households and firarsd enable the study of the migration processes,
residential cbice and resulting processes of spatial concentration of agents and
resources.

Making cellular automata size and transition rules mutale

The cellularautomaa behaviour igslependent on thgize ofcells definition of their
states (land use categoriegdaransition rules. As those characteristics are defined
a priori and not easily modifiablén the course of simulation, it is impossikie
explicitly represent thechanging nature of land use transformatiomkere are
several attempts to circumvent thamutable size and behaviour of cellular
automataFor examplethe SLEUTH model proposes behaviour aggregation by the
concept of Deltatron, which is an agent that modifies the behaviour of individual
cellularautomata in such a way that the coordinateladlviour of a group afellular
automata emergdg, 3]. A similar concept is used in the OBEUS model, in which
the behaviour of unitary urban entities can be aggregated in the form of ensembles
called domainsThe opposite process of cellular automata division is presented in
the model designed by Sembolahat employ the Voronoi partitions to cellular
automatd9].
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Reflecting different temporal and spatialdynamicsof land use change

Theland use change results from the immediate interaction as®hdar automata

in their neighbourhood. The transition rulls notreflect the pastand use changes

or the potential of land use chasga the future. The autonomous behaviaf
individual cellular automata represents the land use change only on the level of
individual cells and the larger clusters of identical land uses are only product of their
spontaneous behaviour. Therefore, the land use clusters are not regarded as
qualitatively different, autonomous entities that would influence the behaviour of
individual cellular automata by any means, i.e. by (dis)economies of scale.
However, in realityobserved land use changes demonstrate the autonomous
dynamics that transcend tlspatial scale of the automaton neighbourhood and the
temporal scale of a singtellular automataycle.

The land use models based on the principle of cellular automata adopt various
strategies to cope with the problem of temporal and spdyimicsof land use
change. One approachiming at temporal dynamics of land use chanigethat of

the land use life cycleEach land use, once initiated, must pass through all of the
prescribed life stages: initial stage, wherhds a potentialo initiate the &nd use
changesn neighbouring cellsthe maturity stage, when the ability to initiate land
use change in its surrounding disappéhe stage of decline, when the land use
disappears leaving space for another land use initiation. This principle isdajpplie

the DUEM mode[1].

An alternative approach considers land use change to be the result of a gradual
accumulation of a particular land use potential over a certain time period. The
cumulative potential equals the sum ofppotentials in a certain time period that

are discounted by the time ded&y.

Yet another approach does not derive the probability of land use changes exclusively
from the influences of neighbouringellular automata,but from past trends
describing the overall land use changes. This approach is close to the Markov chain
models and is employed by the SLEUTH mag@el3].

The spatial continuity of land uses that is expewehin the real world as
continuous fields of identical land uses had been introduced into the cellular
automata by the concept of Deltatrf@ 3] and ensembles of land uses called
domains in the OBEUS framerk [10]. Deltatron is an agent of land use change
residing in delta 2D space that is parallel to the cellular automata 2D space.
Deltatron is initiated at the moment when an automaton spontaneously changes its
land use. Te initiated Deltatron than modifies the behaviour of sirggéular
automata in the neighbourhood in such a way that the bigger clusters of land uses
gradually emerge. When Deltatron cease to be adtieecluster of spontaneously
created identical landses slowly disintegratg®, 3].

Economy of Bnd useresources

Land use changes are generated exclusivelauignomous decisions of cellular
automata with regards to their neighbourhood composition igmndiia constraints
to global availability ofland use resourceThe simple solution of thdimited
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resourcesallocation problem is to impose exogenous constraints on land use
demand The supply of the landise thendoes not resulfrom the autonomous
cellular automatebehaviour anymore, but from tiseitability of their characteristics

for specific land useA typical example of this approach is the Metronamica model
[7].

Other approaches incorporate the demand and supply fadi@ctly into the
individual cellular automaa decision making mechanism. This approach is adopted
by the CUF Il model4], in which the decision making mechanism c#llular
automaa has the form of a muhliominal regression model that evaluates the
probability of each land use transition based on demand factors: percentage of
employment change, percentage of household change, number of households,
number of jobs, job/household ratio and supply factors of land suitability and
accessibility.The demand ahsupply sides are balancadpriori and exogenously

by calibrating the supply and demand parameters of smaitiinal regression model
onthe bases diistorical land use changg}.

In both of the cases presented, demand and supply are not adjusteenengbg

To establish the balance between the supply and demand endogenously, the explicit
representation of the market mechanisould benecessary. The SLUDGE model
created by Dawn Parkdemonstrates such a mechan[4r. The cellular automata

in the SLUDGE model represent the landlords who decide between agriculture and
industry land uses based on the profit that each land use offers. The profit is
determined by two factors: the cost of production that is affected by wegati
externalities caused by pollution from the industry and the cost of transpodétion
productsto the market place. Agriculture land use is the recipient of the negative
externalities produced by a neighbouring indud®rce is established based oe th
shortage or surplus of products on the mar&rtithe decision making of landlords

is influenced exclusively by the price of the products on the market and the cost of
production and transportation. During the simulation model run, each landlord tries
to find the best use for its land given the neighbouring land uses, distance to market
and price of products on the market. The model demonstrates that equilibrium can
be attained by different land use configuratiarith different Pareto efficiencji1].

But eventhe SLUDGE model is still based on unrealistic assumptions: there is
neither communication nor bargaining between individual landlords and the
landlords are expected to have homogeneous preferences and willingnass to p
This may be true for many markets with ordinary goods but not for markets that
most significantly influence land use: the housing and land markets. Houses and
land as traded goodsre heterogeneous their characteristics. Furthermore, the
preferencegnd constraints of individual buyers differ substantially with respect to
houses and land.

To overcome the deficiencigbe heterogeneous demand, individual characteristics
of traded goods angrocess of individuatransactios will need to be explicitly
representefil2].
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Inclusion of exogenous factors of land use change

Oftenthe impact of various regulatory and development policies on thevioein of
individual subjects need to lzssessed-or those purposes each celludaitomaton

can be regarded as a landlord autonomously deciding on best use of its cell. Its
decision that is based on its ideal preferences can be then externally constnained.
this way the and use simulation modelsuch as the Metronamica or the SLUEH)

can serve asthe experimental environmesitthat enable the impact of policy
prescriptions in the form of spatial limits or the impact of various infrastructure
projects to be tested.

There are several alternative approaches to the incorporationeofaxtonstraints

to cellular automata decisn making. In the SLEUTH modethe autonomous
behaviour of cellular automata is constrained -post [3]. However, in the
Metronamica model, the exogenous factors of suitabifjtybal accessibility and
zoning enter directly into the transition function alongside traditional neighbourhood
effects[7].

To evaluate the impact of external constraints on the behaviour of indicielidar
automata, thenconstrained behaviour céllularautomata has to be considered first

on the bases of their ideal preferencBst the inference of cellular automata
transition rules only from the observed behaviour of real subjects does not enable the
ideal preferencetructure of the subject to be distiledad er i vati on of t
preference structure exclusively from the observed behaviour can lead to the
unrealistic behaviour of automaton mainly when there is a significant change in
external constraint® their behaviouf14].

To simulate the unconstrained behaviour of cellular automata, the simulation models
have to be based on an ideal preference structure that is declareddgcidien
making entitiethemselves and not deed from their observed behaviour. Various
methods such as the conjoint analysis can be applied for the analysis of the ideal
preference structuf@5].

The limits to cellular automata based land use models

The response to ¢hoversimplification of the cellular automata models was the
relaxation of the original cellular automata assumptiong Mdifications of the
original, oversimplified assumptions generally led to the improved predictive
validity of land use cellular auteata models such as the SLEUTH and the
Metronamica[14, 3]. On the other hand, some limits for the representation of real
land use change processes are inherent in the cellular automata printiges
cellular adomata, while being supportive in illustration of complex system
behaviour in general, offer only excessively oversimplified representation of real
urban processes. The cellular automata do not reflect the real specificity of particular
urban systems behiaur and does not make use of practical and scientific
knowledge of them.

The effort to explicitly represent the driving processes of real land use transitions
logically leads to more general agdraised models that are better suited to represent
diverse sbjects and entities participating in land use chahgete lack of suitable
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data on the behaviour of individual subjects and data on the specific protegses
prevent more widespread use of ageased modelsThe cellular automatténerefore
remain \ery attractive due to their simplicity and abundantéand use and land
cover data.
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Abstract

Some interacting particles systems, describing the stochastic evolution of particles
jumping on a lattice, are since recently used to model traffic flow. The appi®ac
close to cellular automata. Yet, the time is continuous with particles models while
the evolution is discrete with cellular automata. We propose to compare and connect
the two modelling approaches. The comparison is illustrated through the basic uni
dimensional totally asymmetric simple exclusion process.

Introduction

Microscopic traffic flow models by cellular automdtave been developed since the
1990's, and basenh discrete synchronous time and discrete space. They are used
for theoreticapurposs as well asimulation tools [1,2,3,4]

Interacting particles systenmmoceedingrom thefields of probability and statistical
physics, are also applied to model traffic flow]{5]. The evolution of particles
jumping on a lattice by means of Markov jummgesses in continug time and on

a discrete space, suchfasinstance amsymmetric exclusion procef, is used to
model multilane traffic flow[7]. The zerorangeprocesd6,8] is fitted to model the
evolution of vehicle distance pa [9] and theevolution of vehicles platoorj40], as

well as the misanthrog@ocesg11,12]

One proposes to compare continuting interacting particles systems to stochastic
discretetime cellular automata. We try to show how interacting particles systems
may be sen as an extension in continuous time of cellular autommatgection2.

The main properties of interacting particles processes and cellular automata are
introduced. The two modelling approaches are illustrated through the totally
asymmetric simple exclusn process in sectidh
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Comparing particles systems to cellular automata

The interacting particles systems are composed of particles asd kmittdifferent
interpretations of particles and sitlesd to differenttraffic flow models For the

basic exalision process, a particle is a vehicle and a site is a cell that may contain at
mostone vehiclg7]. With the misanthrope process, a site istiparof a lane that

may containseveral vehicle§l2]. The zererange models convenient talescribe

the evoltion of the distance gaps carfollowing [9]. Then a site is a vehicle and a
particle an unit of distance gap. When a vehicle jump to the next site, a unit of the
distance gap is given to the following vehicle. The model is an exact mapping of a
excluson process for which the jump of a vehicle depends solely on the distance
gap. The zergange model is also used to model the evolution of vehidésqms

[10]. A site becomesan empty cell and a partickevehicle following directly the

cell.

Let S beafinite set of sites/, (x) is the number of particles at sitél Sat time
t. Then A, ={h,(x),xi S}i E is the state of the process, witkt=N°or

E ={ZL2 ,K}S if the number of particles by site is limited t . In this last

bounded case, the interacting particles process is close taimrcalitomatonBut
the evolution schemediverge The formerevolves in continuous time whilehe
latter'sevolutionsis discrete.

Particles system in continuous time
In continuoustime, the procesg, is a Markov jump process specified byate

function at which transitions occur. ISis finite, a transition from/? to X (with
h , x) occuing at rateb(, x) means that:

R (A, =x)=blh,x)t +o() "
For the totally asymmetric exclusion proces® jump rate is the function

b(h’hx) =/ (h)lh(x)=11h(x+l)=0 @

with / :E- A'the jump rate that may depend on the systere,skata site and
&h(2) if z, x,x+1
1h-1 if z=x

B (x)= Thx+)+1 if z=x+1

In the simple case consigerbelow, the jump rate is constam(h):/ . For the
zerarange process, the jump rate depeadly on the number of particles on the
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departure sitewhile for the misanthrope proce@isdepends on the numbers of
patticlesatthe departure and arrival sites.

The processlefinedby jump rate functiord and space statf is characterised by
an operatorG, denoted as the generator:

G (n)=4 b [f(x)- £(s)] ®

where f belongs toD(E,A), the set of functions fronk to A depending on a

finite numberof coordinates.
The proces is usually described byts performances in stationary state. The

stationary distribution of the procegs: E - [0,1] is such that
{" ht E.RA =h)=pn}Y {" ni E RA.,=n)=ph)}

For all @>0. The stationary distributiois givenby the generator. A probability
measuref on E is stationay for the process‘?t if and only if the meage is not
nil everywhere and if

aphna)=0 "fi D(EA)

Al E 4)
Note that the sum is finite sincé only depends on a finite number of coordinates.

The set of the stationary distributions is always nonempty for filiteYet, explicit
forms for the stationary distributions exmainly in basic cases.
A reversible measurg such that

ph)olr.x)=plx)blx.n), "hxT E

is stationary. tlis easier tesolve (5) than @). Reversibility is a sufficienbut not
necessary conditiofor a measure to be stationary. For insg, totallyasymmetric
processnay have a stationary distributievhich isclearly not reversible.

The zererangeprocessadmits a unique stationary distribution with a product form
for spatial invariant initial configurationsThe product formof a statonary
distribution means that the number of particles by site are statistically independent in
stationary state. This property generally simplifies the calculus. The misanthrope
process hathis propertyonly in a particular case.

Discrete time case toward cellular automata

In a discrete time case, the process is defined at {meéni N}for a given time
step d>0. The discrete time procegs, is yet indexed byn. In this case, the
process is described by a Markov chain with transition mé@rsuch that:
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Rt =/, =) =R =x)=Plx) "hxT E

P is a probability matrix in the sense theif-’(/?,X)2 Ofor all #,xI Eand
a P(hx)=1foralhl E.

For instanceassumehat the process represents the evolution of the distance gap of
a line of vehicles. A sitex is a vehicle and7 () is the distance gap of the vehicle

X at time N . For thebasic symmetrianodel[1], vehicles jump with a speed that is
the minimum beetwen the distance gap theunit. The maxi mum vehicl
is the space step divided by the time sk thisdeterministic model

P{1,/1,,1) =1
for
)= 943 vl
with V.., (X) = min{A, (x),1} _

The Markov chains are usually described in stationary stéte the invariant
distributions O of the proces$_, satisying:

{"ni ERA=h)=pB}Y {" ni ERh.,=h)=ph)

and such that

aph) Ph.x)=plx), "xi E

hi E (7)

(this equation is usuallyelated as themaster equéon in statistic physics A
reversiblemeasure0 such that

p(h) P(h,.x)=p(x)P(x,n), " ~xi E

is stationary.

As for the continuous time case, the set of stationary distributions is not nil for the
discrete time process whek is finite. Explicit formula exist in basic cases. Note
that the discrete time approach may lead toplexity due to potential deterministic
periodicities that the continuous time case has not.

Simulation of the processes

In the continuous time case, each site with at least one pdréehn exponential
clock giving the jump time of one of its particléghe evolution is event driven and
doesnot require to be specified. At each event (ahgamp), one has toselect the

site with the minimum next jump time, update the time, realise the jump and
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calculate the new jump times of sites where the jurmgsraave been modified. Note
that, from a practical view, the continuous¢imodelavoids the problem of priority
betweentwo particles coveting simultaneously the same site, since particles jump
successively.

In the discrete time case, the discretisasocheme and the value of the time step
must be defined. For cellular automata, the update is synchronous. Yet, as we will
show in a particular case in the next section, the choice of a synchronous or a
sequential updates lesib different discrete processe

The process can be simulatemb by event asn the continuous time process by
subtituting the continuous exponential distributiovith a discrete geometric
distribution The simulation can also be iterative, by updating all the sites at each
time step.

Connecting the approaches

We aim now to connect the continuous and discrete tmgroachesin the
continuous time case, the timE between a transition fronf? to X follows a

continuous exponential distribution with parameb(h,x). In the discrete time
case this time, yet denotea-d is d times a discrete geometric distribution with

parameterP(/?,X) . By choosing
P(h,x)=a?blh,x) " hxi E

one can explicly demonstratehat the time for a transition in the discrete case
converges in distribution towardise transitiom time in the continuous case

RT, ¢t)=1- (- th)"! =1- e ¥ 1518 1. &® =RT ¢1)

for all t2 Q. This mapping allows to compare continuous and discrete time
approaches through the value of the time step. Notedﬂhﬂ/b is requiredsothat

the time discretisation has raeaning The performaces of the discrete process
dependn the value of the time step.

Totally asymmetric simple exclusion process

The exclusion proceg$§] is an interactingarticles system for which the number of
particle by cell is limited td.. In the discrete time cagbe model corresponds to the
NS traffic flow model [2] with a maximal speed value ofrithe totally asymmetric
case, the particles jump only to the next cell with a ratd/ 0% O if the cell is
empty (see jump rateinction(2)).

The process is one of tmpler conservative and udirectional flow moded. In

the continuous time case, particles jump to next sites if empty, according to
independent exponential clocks of paramefterin discrete time case with time step
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d >0, particles jump to next sites if guty, according to a probabilit? . To
connect the models, let us assume R / ¢ One hasd ¢ 1// sothat P is a
probability. The discrete process is deterministicdf=1// and random for

a<ll/.

Stationary distribution of the process

The stationary distribution of the dusion process is not known for any rate
function. Yet, the simple process where the jump rate is constant ikrvesin.
For an infinite lane and invariant in space initial configuration#] iflescribes the

distance gap of the vehicles, the unique statip distribution O of the totally
asymmetric simple exclusion process is the product form:

p6)=02,0)

[13] with the marginal geometric stationary distribution for the distance gap:

p.()=(v/1)(-vi7)

For an infinite lane, the distribution depends on a velocity paraméteisually
called fugacity. For a bounded case, the invaraint distribution depends on the
boudary conditions for an open system, or on the density level for a close system.
The fundamental diagram of mean speed or flow volume as a function of density can
be consideed as global indicator of the model performances studied in the traffic
community. Using the stationary distribution of the distance gap, the mean value is:

D(v) = (1- v//)é n(v//)" =

while the fundamental diagram of flow volunf@ as a function of density” is:

Q(r)=1 f1-r)

In the discete time, the rode as a function of density is:

Qd(r)zi(l- J1- 4d 7/ (t- ri)

2d

if the update is synchronous [14], while the performance is the same as in the
continuous time case for a random sequential update [15]. As expected, one has:

Q,(r)vei- Qlr)
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The fundamental diagrams of mean speed and flow volume as a function of density
are plotted for the continuous and discrete time cases in figure 1. For this model, the
continuous time smooths the performances in stationary state.

Trajectories obtained

Some trajectories starting from an initial jam configuration are plotted in figure 2 to
compare the approachds. the deterministic discrete case wheye=1 the initial

jam propagates indefinitely. It is not the eafr the stochastic models where
d=0.9 or 0.5 or when the time is continuoulm theses cases, the traffic seems to
converge towards stationary states that do not explicitely depend on the initial
configuration. This isclearly not the case for the deterministic model where the
stationary state is a periodic limit state depending on the initial configuration. This
observation suggests that the calculus of the stationary state may be easier with the
stochastic models.

Mean speed Flow volume
T T T T
- 05 ~ -
// \\
7 0.4 - ///~\\\\ T
e N
7 N
- 03 | a P \\\\ -
", ~ N,
/. 3N
- 02 | 7 N
1y N
- 01 | -
0 1 1 1 1 0 1 1 1 1
0 02 04 06 08 1 0 02 04 06 08 1
Concentration, % Concentration, %

Figure 1: Fundamental diagrams in stationary state fof #82EP indiscrete synchronous
(with @=0.5, 0.9 andl, dotted lines) and continuous time cades=1.

Conclusion

Homogeneousnteracting particles systems differ from cellular autonthtaugh
evolution schemes. The cellular automata models are defined in synchronous
discrete time, while the particles systems are continirotisne. In both case, the
simulation is easy.

The discete time approach can lead to additional settings and parameters regarding
to the continuous time approach. Yet, tidiscretisationcan have a physical sense
such as a reaction timendallow to control the stochasticity. Notice that there is no
periodc stationary state ith continuous timemodels This aspect may simplify
analytical investigation as well as avoid unexpected periodic phenomena (sometimes
related as pingong effect with cellular automata). Moreover, due to the sequential
evoluion of the particles, there cant have conflict where two particles covet the
same site simultanouslyith the continuous timeThis aspect concerns notably
multi-directional flow models by cellular automata and intersection traffic models.
Lastly, t lwemuw spked s boargdéd tom space step by a time step with
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cellular automata (condition similar to CFL one). It is not the case pédtticles
systemssince the time is not discretised.

Discrete time, delta=1

Y52
N = A
‘% ::fﬂﬂ L L
‘% ﬁ =

Figure 2: Trajectories of 7 particles since an initial jam condiiom with the exclusion
process wherd =1 for different evolution schemes.
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Abstract

Abuse of alcohol among pesecondary students is considered a serious health issue
and a body of academiiterature has developed around its study. Binge drinking,
the consumption of five or more drinks in a single setting, is common, and clearly
has strong social aspects. The influence of social interaction among peers on binge
drinking has been noted bus inot yet well understood. A cellular automata
simulation of these phenomena is presented here. Model design, methodology, and
experimental results are discussed. This project illustrates the role simulation
modeling can take during exploratory phaseseéarch.

Introduction

The heavy consumption and abuse of alcohol amongsegsindary students has
gained considerable attention in recent decades, influencing a significant body of
academic research [2][7][9][15]. Heavy episodic alcohol consumption, kraswvn
binge drinking, continues to be a popular social activity among-geastndary
students, with a larger proportion of this population engaging in binge drinking than
nonstudents of the same age [7][13].

Binge drinking is defined as the consumption iwefor more drinks in a single
sessioh (see [3][12]) and has been associated with a number of negative effects,
including many with health, behavioral and social consequences [1][5]. Alcohol
related health and wellness concerns are particularly-deelirented in recent

! There is significant variation and debatetie definition of binge drinking among academic
literature. Some researchers include gerspecific definitions, such as five drinks per sitting
for males, and four for femal8][7] [14]. Others add time constraints to further define a
drinking sssion5].
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researchLongterm alcohol abuse is commonly associated with direct toxic effects
such as liver and kidney damage [2¥jarious health risks impact the peost
secondary population in particular, including illness, injury, risky sexual behavi
alcohol dependence, and death [7][22]. Wechsler and Nelson [14] report than an
estimated 1700 collegigged students die from alcohelated injuries every year, a
large proportion of which are associated with motor vehicle accidétgavy
alcohol cosumption has also been linked to poor academic attendance and
performance, as well as criminal and deviant behavior, including physical and sexual
assaults, vandalism, weapon use, drug use and arrest [2][5][7][10H@&}ndhand
impacts of heavy alcohatonsumption have also been documented among non
bingers and abstainers within the psstondary environment, including personal
and property victimization, and interrupted study and sleep patterns [9][22].
Although its consequences are well documentedgebidrinking is a complex
behavior associated with and influenced by a variety of environmental, biological
and social factors. Within the pestcondary setting, age, gender, family history and
ease of accessibility to alcohol, among other factors, haga found to be related

to the prevalence of binge drinking [13][15]. In addition, recent research has further
stressed the importance of social influences on-gesindary student binge
drinking. Such behavior is more prevalent among students involvathlatics and
social organizations including fraternities and sororities [14][15][2B¢ (actual or
perceived) drinking patterns of peers and the approval of friends may also influence
one's alcohol consumption [8][9][14]. These findings support thergtieal
contributions of social learning theory, which proposes that human behavior,
including binge drinking, is learned from interactions through peer groups and
exposure to alternate values and norms [22fh this in mind, investigating the
effects é& peer influences on binge drinking behavior may provide a better
understanding of alcohol consumption in psstondary students.

Research through simulation modeling

While conventional statistical techniques are able to effectively demonstrate the
importance of peer influence on binge drinking, they are limited in their ability to
answer more complex questions about such behavior. For example, one may be
interested in understanding how different types of social interactions effect the
development of bing drinking among groups of college and university students.
Similarly, one may be interested in understanding the effect of environmental factors
on binge drinking behavior. Through the use ofHinear mathematical modeling
techniques, these areas ofir@st may be explored.

In addition, such techniques may be employed in simulation models to test a variety
of scenarios where fwhat i f?dd questions
to know if binge drinking behavior develops differently among pdjaria that have
different proportions of drinker types. Alternatively, one may be interested in
knowing if populations of binge drinkers change over time when various social and
environmental influences change. Through the use oflinear mathematical
modeling, it is possible to capture these complex dynamics and answer research
questions that could influence public policy.
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With respect to peer influences on drinking behavior, several-linear
mathematical models have been proposed. For example, Gatameveloped an
agentbased model to examine social dynamics and environmental influences on
agentsd drinking behaviors [4]. Through
demonstrate that contacts between agents were important factors in tHe socia
dynamics that influenced drinking. Similarly, Ormerod and Wiltshire developed an
agentbased model to analyze the growth of binge drinking in the United Kingdom
[11]. Through development of a theoretical model and calibration with sinassd

data, theauthors were able to show that the imitative behavior spreading across
social networks is a reasonable hypothesis to account for the patterns of binge
drinking that had been observed in recent years.

Agentbased models, however, have some limitatidxgplications of agerbased
models in the social sciences often involve human agents with complex behavior
and psychology that are difficult to quantify and calibrate. As a result, caution must
be taken when interpreting the quantitative outcome of such medes the
accuracy of the inputis questionablg25]. In addition, agerbased models require

the description of individual units which can be computationally intensive and time
consuming[25], limiting the numbeof agents included in a simulation, aslivas

their detail and levedf interaction

In this project, weadopt @llular Automata (CA) modelingas a means to focus
solely on the elements of concern: individual state (binging) and local interactions
(peer pressure). CA models are well suited fgul@ring the dynamics that occur
within a population and are useful forisualizing the clustering behaviour of
communities With this more abstract approadh,is possibleto simulate larg
populations with rasonableomputational requirements.

Cellular automata modeling

In a CA model, a population can be represented in a two dimensional square grid
where each cell represents an individual in the population [17]. The state of each cell
can vary depending on pdetermined rules. These rules are deriiesim an
existing theoretical framework describing a particular phenomenon and are used to
model what is happening in the real world. A CA model can effectively capture
social interactions that happen over time [16][19]. Since each cell has the capability
of holding the information pertaining to that cell, changes can be recorded. In
general, CA models measure time discretely, in other words, progress through time
is represented as a series of time steps. The cells capture the information at each
time step ad their states can alter through successive time steps [20].

In order to simplify the complexity of human behavior, CA modeling must make
assumptions which are supported by research. While each cell in a CA model can
potentially be influenced by surroundij cells, this model accounts for only four
neighbors: north, south, east and west. The assumption here is that individuals are
not impacted by everyone that physically surrounds them, but only those people they
have social contact with. This type of ndiginhood is called the von Neumann
neighborhood.
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In this CA model the social interactions progress through time steps. The cells
capture the information at each time step and alter their state through successive
steps. These updates happen simultaneoulibyiog the pre-determined transition

rules. We assume this model to have a constant population even though there are
processes of births, deaths, immigrations and emigrations in any population.

The model

This model represents a social community of indiaid with a higkrisk of binging
behavior that extends beyond the physical boundaries of a specific geographical
area. Specifically, we consider a community of ggestondary students and their
direct social acquaintances. This community consists of thpes of individuals.

Non-Binger (NB)
A Occasionally Binger (OB)
A Frequently Binger (FB)

> >

An individual can only play a single role at a time. Over time individuals can
transition from one state to the next based on predetermined rules. For example, an
OB can become a FB due to social interaction, and later become a NB following a
health problem. The purpose of this study is to analyze the evolution of a fixed
population in a community of such individuals.

Model design

This CA model integrates social influescand transition rules. The cells in the grid
interact as individuals would in a social community. The cells change over time as
they receive and give social influence to their neighbors. After each iteration, the
grid is updated to reflect the modifiaatis. Since this is a scenatiased model, the
variables can be set according to input data and adjusted to reflect possible changes
in the community. Although the cells are stationary, the state of the cell can vary.
This reflects the change in socialtetindividuals may experience during their life
course. These changes occur as a result of social influences and experiences. We
selected the von Neumann neighborhood and use the average of the surrounding
cells to describe these social interactidngither, at any given time onlg random

subset (i.e., one to four) of the neighbexert social influence on a cell.

Modeling Process

The process of developing this model was similar to that described in [18]. We
began by surveying existing literature in artie generate a conceptual model of the
phenomena under study. We found that for binge drinking, while its characteristics
and effects have been well studied, the role of peer pressure is less well understood.
Clearly it is important: within the postecomlary setting, direct peer influences may
include pressure to consume alcohol by offering a drink, buying a round, or
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encouraging drinking games [28ocial influences may also be indirect or passive

in nature, associated with perceived norms of heavykitdignamong peer groups,

and general accessibility to alcohol within the psstondary education setting
[9][15]. Ambiguity can be discouraging for a modeling project, but it is precisely
due to the difficulty of performing realorld experimentation andigly on this

topic that makes this kind of attempt useful.

We proceeded to develop a mathematical model describing the various categories of
binge drinkers, and how chan@e categoryoccurs A computational model was
built, and preliminary experimentatioshowed the behavior resulting from the
proposed model. From this evidence, we returned to the conceptual and
mathematical models, and revised them. This process continued iteratively, noting
new behavior, and making changes as our understanding impraved new
questions were raised. We retained intermediate models so that variations in
modeling binge drinking can be compared. Through this exploration of the
theoretical space associated with modeling binge drinking, we were able to identify
some model dracteristics that matched our understanding of the phenomena, and
some that did not.

This approach is well suited to problems like this where the existing research does
not yet fully explain how a process takes placembining nathematical modeling

with computational simulation allows researchers to develop a possible model of the
target phenomena and then test it in action to see if its behagicheseal data

and experiene, and is alsoconsistentin a logical sensei.e, the entities and
mechanicdgn the model behave as expectédthe design results in behavior that
runs contrary to the intention of the model, such as static behavior when dynamic
phenomena are being modeled, or if there is a lack of expected interaction between
entities, these arproblems with the model itself. With complex phenomena, such
problems may only become obvious througkperimentationof the modelin
various scenariosghusthis is not a trivial step in this kind of research.

5

Figure 1: Model of drinking transitions
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A deterministic model for binging

Letki {1,2,3} denote the state of each individual, where 1 is for NB, 2 is for OB and

3 is for FB. Let the location of each individusih the grid be denoted by;jj andNs

= N; show the neighborhood ofjj. We assumé N9O 4. For eajgh indi
in the grid we defineC;(t) as the social counter of the individuaf)(at timet.

Supposes is of typek' for ki {1,2,3} and v denotes the values of the social
influence of an individual of typkon sin the reighborhood\s. Then we define

G, () =C;(t-D+e+ Q Ve 1)
ki N;
The parameteeis a randomly determined value with a normal distribution centered

on zero. Using Figure 1 values\wg§ areU> 0 orb < 0 based on the type of
surrounding neighbors.

Rules:

We assura that at the initial stat84t)=0 for each celsin the grid.

Case I:sis a NB &1)

1 if C{t)<-1for T time steps thesbecomes an OB£2)
1 if C{t)<-10 thensbecomes a FBs£3) in the next time step

Case ll: sis a OB 6=2)

1 if C{t)<-1 for T time steps thers becomes a FBsE3)
1 if C{t)<-10 thensbecomes a FBs£3) in the next time step
1 if C{t)> 1 forT time steps thesbecomes a NBsg1)
1 if C{t)> 10 thensbecomes a NBs€E1) in the next time step

Case lll: sis a FB &3)

1 if C{t)>1 for T time steps theabecomes an OBs¢2)
1 if Ct)>10 thensbecomes an OBs€1) in the next time step

HereT is the number of time steps needed to effect change in individuals, and 1 and
-1 are considered as threshold values for gradually changing the states of
individuals. The thresholds 10 arti0 are considered for major circumstances that
force individuals to change their states to 1 or 3, respectively.

Simulation Details

The binge drinking cellular automata application was developed in Java, and as such
can run on any common operating system. Many parameters can be altered,
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including the dimensions of the grid and length of the simulation. Currently, grids of
roughly 10,000 cells or less are supported. Execution time for an experiment can
vary between a fraicin of a second up to one minute for large grids and/or long
simulations (2000 or more steps). Short execution times for experiments are a
priority since it allows for more responsive and interactive exploration of the
configurations of the simulation. Therogram features tabbed output allowing
visualization of the cellular automata itself, as shown in Figure 2, as well as plots of
interesting metrics, including population distributions and average cell value. Plot
functionality is supported by the verdatlFreeChart library.

(c) After 200 steps (d) After 300 steps

Figure 2: Binge drinking cellular automata

Experimental Results

Due to the exploratory nature of the development of this model, many possible
configurations of parameter values and options were available for running
experiments. Té experiments described here used a 50 cell by 50 cell grid, and
were run for 600 steps. Various options were tested on our threshold model using the
base parameter values. Plots of the distributions of the populations of cell classes
can be seen in FiguB The options tested were

1  Whether or not cells in the extreme binging categories (NB and FB) can
change
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1 Whether initial cell values are distributed evenly across categories, or are
distributed based on relationships found in a survey.

Testing whether omnot cells in the most extreme categories could change was
investigated since it seemed conceivable that people entrenched in a given behavior
would not be susceptible to peer influence. After all four possible combinations of
the options were run, some paitns emerged. If the cells in extreme categories do
not change, then the CA as a whole quickly becomes dominated by the extreme
categories. Any OB cells are eventually influenced by neighbors of one extreme or
the other, until no midvalue cells remainficells of the extreme values can change,

a shortinitial period is characterized by a flourishing of mviglues, but these are
soon after absorbed into large, distinct clusters of extreme value. The use of the
surveyrelationships for setting up experinterinad a clear effect, sinbB make up

more than half of the total population. In this cd$B,eventually dominated all the

cells if extreme values were capable of changing; if extremes could not change, the
OB cells still overwhelmingly changed state tdB. Notably, in all of these
experiments the extreme classes end up dominating the cell grid.

Population over Time Population over Time

o l,,,::::::::..........
; e - of p1s
3 £ e P
3 B T
g & pt
r-..-..-:l.-.p o Time Step
(a) Even distribution, extremes do not (b) Even distribution, extremes can
change change
Population over Time Population over Time

paAA AL AARAALAAARRALARELRLLAL 5 aAARARALALLARARALARLLLARAL
s ak

s
Las . a

Popudation
Popudation

Tinoe Step Tinoe Step

(c) Survey distribution, extremes do not (d) Survey distribution, extremes can
change change
I B Non-Bingers (NB) Occasional Bingers (OB) 4 Frequent Bingers -jFE:]I

Figure 3: Experiments on population distributions
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Experiments varying the strength of influence were also performed. The strength of
positive influences (i.eagainst binge drinking) is determined Bythe strength of
negative influences bf. They are usually set at 0.02, which allows for gradual but
noticeable change over the lifetime of an experiment. If these values are equal,
changingthemsimply altersthe rate of change in the model. Howewee model
behaves differentlyf Uandb are not equal. Wittt set to less thah, if extremes
cannot be influenced, the stronger fomaiially converts moreéOB cells but once

there are primarily only extremes left, the effect is minimal, since the mérgai

cells are entrenched in their behavior. If extremes can be influenced, the stronger
force wins out eventually, dominating all cells. However, converiBgo NB, or

vicever s a, is stildl a slow process. Figur e
(ne@ti ve influence) higher than U (positiyv
Population over Time Population over Time

B aadasAAAALAAAMALALASLALLALLLAL
A
n aab
o

na
Hy

50 100 150 200 250 300 350 400 450 S 350 400 450 500 550 600

E
Time Step Time Step

(a) Extremes do not change (b) Extremes can change

| B Non-Bingers (NB) Occasional Bingsrs (OB) & Freguent Bingers iFEH‘

Figure 4: Experiments on influence strendik, 0.02,6 = 0.03

In the base mode®B have no influence osimilar neighbors. One alternate to this

is for OB to have an effect equal {b. Thus, theyhavea positive effect on each
other ifUis greater tha, and a negative effect ihe reverse is truédoweverthis
alternate rule simplhacceleratesany overall change in cell value. OB cells drift
towards extreme values more quickly, and the ovetate of the system approaches

a steady state rapidly. This is true whether or not extreme values can be influenced.

Conclusions

The models included in this paper present initial exploratory experimentation that is
part of ongoing research into the sociattors associated with binge drinking
behavior. The cellular automata approach proves to be a promising method for
investigating peer influences as it allows for both local and global population effects
to be considered while taking into account the dyica of various types of social

and environmental influences. In the current work we adopted a simple approach
that allows us to vary thigexibility of binge drinking classifications, the distribution

of initial behavior classifications, and the strengftpositive and negative types of
influences.

Proceedings of CAMUSS, Porto, Portugal, November 8 to 10, PTA2



Jackson et alDrinking with friends

Results of the experiments revealed several interesting patterns of social behavior
including considerable variation in the speed at which individuals change their binge
drinking habits. Such findings are emcaging at this early stage as they could lead

to more significant discoveries in future research. For example, with further
refinement to the model including the specification of positive and negative
influences, the results of experimentations could le¢adimportant policy
implications for effective intervention strategies. It can also be used to support
research employing more traditional methods, such as by suggesting what kind of
questions should be asked in future surveys. We hope that this shows how
simulation modeling can be used even during exploratory phases of research.
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Abstract

When we take the time to observe nature, we often are surprised by the
complex forms and behaviours that may emerge surprised by the sdf
reproduction and the self organisation phenomea that we notice and we are
compelled to acknowledge how difficult it is to understand this complex nature in
perpetual stateof ewolution. By analogy to this nature, this paper deds with possible
spatial ewolution by combining two spatial systems: land use and the transport
systems. However, underlying thi s evolution, there are processes that cannot be
easily ceptured through the use of simple methods/sttisticd tools. Nevertheless,
thanks to the emergence in the past few decales of artificial intelligence based
models such as cdlular automata and neura network models, this paper proposes
to simulate future spatial ewolution in Luxemboug and the Greater region up to
2020. The simulation results will ad as the knowledge base which will make it
possible to understand the functioning of complex cross-border areas.

Introduction

Well aware of the stakes involved in understanding the processes that lead to the
innovation of spatial systems as well as the innovation in diffusion strategies hat
often acompany them, geographers have mobilised diverse methoddogical
approadnes that could fadlitate better understanding of land useas well as transport
systems. Both these systems are complex, interdependent ard complementary and
they both play aspedfic and instrumental role in spatial dynamics, and particularly
in urban dynamics.

Over the last few yeas, one of the most pertinent methoddogical approaches that
has addressad the isaue of spatia dynamics has combined land-use and transport
systems in one single dynamic model. This approach particularly seeks
tounderstard how transport and land use systems encroach upon ead other, and
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by doing so, determine the processes that influence land-use and land cover
changes. Combining these two systems within one dynamic model was fadlitated
by the devdopment of geographica information systems (GIS). However, to be
fully aware of the spatial and temporal dynamics of these structures, it has been
necessary to combine the GIS with artificial intelligence models such as cdlular
automaa [1] or neura networks[2].

Cellular automata are known for their ability to model spatia interadions at
different spatial levels (maao and micro) [3] [4]. Neural networks on the other
hand have the advantage, when combined with cdlular automata, of fadlitating the
devdopment of spatial transition rules, and in particular, when these rules must
take several types of land use classes into acourt [2]. Moreover, neural networks
make it passible to detemine the model  Gparameters. Nevetheless, the challenges
associated to this type of hybrid model are at three levels: (1) definition of the
ewvolution rule, (2) model cdibration and (3) model validation.

This contribution seels to provide a better understanding of the stakes, challenges
and opportunities arising from a hybrid model and is structured around three main
sedions. The first sedion describes key insights and places our reseach within
the context of previous studieson cdlular automata and neura networks. In parallel,
it makes explicit the advantages of CA models in geography and spatial modelling.
Sedion two focuses spedficaly on the data and the methodological approach It
shows how madine learning agorithms like neural networks are designed as
development models for cellular automata transition rules. The third sedion
addresses the applicaion of a neura-network based on cdlular automata in
Luxemboug and in the areas ajacent to its borders. This last sedion draws
conclusions and proposes discussion around this hybrid model while placing a
strong emphasison the innovative aspeds, perspedives, as well ason the issues that
nedl further devdopment in order to improve the model and optimise he results.

1. General background and related work
1.1. Cellular Automata based model as aframework for urban modelling

Scientistssuch as Alan Turing [5], Stanislaw Ulam [6], John von Neumann [7], ard
later John Conway [8] contributed to the cdlular automata theory which considers
cdlular automata to be universal and complex tools [9]. The current paper goes
beyond the ool fador and considers cellular automata as gpropriate for modelling
dynamic processes of complex systems and formalising them through a fibottom-
upo approach. This approach considers that it is at the locd level, via a well
defined (locd) neighbourhood, that complex structures at the globa
neighbaurhood level arise. The interadion between locd and globa
neighbourhoods is what led to the popularity of cdlular automata in geography as
from the 1970s. The famous law of the American geographer Waldo Tobler:
Everything is related to everything else, but near things are more related than
distant things [10], acoompanied later by his vision of space as a grid of cdls [11]-
law and vision that would be teken up by other geographers [12] [13] [14]-marked
the begnning of an interest in the cdlular automata concept in geography and urban
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planning [15]. However, it was the devdopment of geographica information
systems (GIS) which, through raster data formats, would fadlitate comprehension
[16] as regads cdlular automata and urban simulation [17] [18]. While simulating
land-use changes, the existence of multiple classes makes it difficult to set up
transition rules based uniquely on elementary cdlular automata. If the classes are
binary (built-up land and not built-up land) a simple rule can be easily applied. But
if additional classes as well as variables are taken into consideration, setting up a
transition rule beaomes complex. To alleviate this difficulty, some reseachers have
proposed more complex cdlular automata [19] [20] or have used madiine learning
methods guch as the support vedor machine [21] and neural networks as the basis
for generating transition rules of cdlular automata [2].

1.2. ANN as the framework for CA model transition rule

The neura network model was devdoped parallel to cdlular automaa, and, like its
predecessors, belongs to the family of artificia intelligence models [22]. As
oppased to cdlular automata, neural networks are not bound by a grid of regular
cells. Theoreticdly, they are capable of acmmplishing complex probabilistic,
logical and mathematicd functions. This is possible as their architedure (Figure 3)
is based on afinite set of relations, conredions, connedivities, interconnedions and
feedbadk loops (for more complex neura networks) between neurons, in a randam
manner [2]. Neura networks have a large capacity to learn data regardless of its
quality, as well as the ability to grasp complex non linea input-output relations in
the modelling process. They have different properties. (1) The neural network is
constituted of a directed, weighted graph in which the nodes represent (2) the
neurons. Each layer/group of neurons has what is known as an (3) adivation
function. It is this adivation function that leads to neuron interconnedivity and aso
allows a neuron to influence other neurons. The conredions between neurons are
known as synaptic connedions which are resporsible of diffusing weighted neural
adivitiesaso known as the synaptic weights. These synaptic weights are optimized
by the (6) the learning algorithm, an additiona property of neura networks which,
through their analogy for living biological networks, simulate brain synaptic
plasticity. The synapses @oncept is fundamental in neural networks as it is on the
basis of what we cdl synaptic coefficients (defined in the learning phase) that the
network is cdibrated. In our opinion, while synapses can be considered as
transmission and/or information reception channels, neurons represent fi @anes O
where the information transmitted or received by the synapses is sbcked.

1.2.1. Why ANN? : Utility in land use changasdaCA-based model

This sedion highlights the reasons that led us to use neural networks as the basis
for generating transition rules for cdlular automata.

The first reason is linked to the neworks @bility to simulate complex functions due
to their cagpadty to extract patterns from data and learn them thus, to fadlitate the
capturing of complex non linea relationships between different input variables and
the output in an explicit manner. As we are well aware, land useis one of the most
complex global spatial systems and this is linked, among other things, to (1) the
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existence of numerous land use classes; (2) to the complex arnd non linea
relationships between the classes (adion, interadion, feedbadk loop); (3) to the
existence of dependent, independent and interdependert variables which influence
directly or indirectly the evolution of the land-use structure. Understanding this
ewlution and the changes in particular, implies that simulation and spatia
modelling frameworks must take into acourt a variety of parameters. In addition, it
is necessay to emplesisethat the more the land use class caegories, the harder it
is to understand the land-use changes through spatial modelling. As a consequence,
on the basis of this complexity, the simulation of land-use changes bemmes one of
the most arduows modelling tesks. This complexity canna be captured through
elementary cdlular automata. The seand reason is linked to the difficulty in
detemining transition rules in cdlular automata. Neua networks offer a very
attradive alternative in generating transition rules [2]. The latter is one of the
most difficult charaderistics to define in the cdlular aitomata model espedally
when inputs are numerous and share aparticularly complex relationship. The third
reason is tat neurd networks have been successfully applied in Geography [23]
[24] ard compared to other models (e.g. Logit, SVYM) neura networks produce
better results [25] [26]. Howeve, as in al artificial intelligence models, neural
networks have shortcomings primarily based on the time fador which is necessarily
important for setting up the model Gparameers for convergence as well as for
generdisation. In addition, it is often very difficult to find a fitheoreticd
framework Han empirical explanation of the finteradion dedsiond between the
neurons. Why is a neuron attraded to a particular neuron and not to ancther? It is
nevetheless certain that the dedsion to interad leads to the emeagence of complex
structures with ead passing moment, and in anon linea manner.

1.2.2. Details of the transition rules

This sedion gives details of how transition rules function. It also explores ANN 6 s
potential for CA-modelling. The transition rules presented here alow us to
investigae possible land use changes of the study area between 2000 and 2020.
Basicdly, the neural networks model functions in three phases. The first phaseis
relative to the construction of the model 6 suctusetom the basis of a database
randomly split in two phases: the training phase and the testing phase. The second
phase concerns network configuration based on the training data. During the
first phase, an algorithm known as the learning algorithm is mobilised to serve
as a weight optimization tool for the different synaptics conreding the network
nodes. This algorithm is fundamental as it determines the learning cgpadty of the
model. Learning is complete only when the algorithm has attained what we cdl a
stable state. The reaognition phase is the last phase. We could also spe&k of
the networkd sestitution phase. This refers to analysing, in relation to the inputs
injected into the model (input layers); whether the outputs correspond to expeded
outcomes (output layers). This sep is aso relevant in verifying the model 6 s
generalisation cgpadty.
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Below is an example of a standard agorithm, the fimultilayer perceptrond (ANN-
MLP) with the standard badk- propagaion learning algorithm used to devdop the
modd transition rules and the model &ssucture. The standard Back- propagdion
consistsof minimising, using the gradient descent method, the mean square error
given by:

p ng

Bp= ) Z%(d} —yh? M

p=1j=1
Where Q and & are respedively the desired and the adual outputs for the j™

neuron, N, is the number of patterns in the training data &t and n_is the number of
output neurons. ¢y is given by:

1
L= f(ul) = 2
¥ =1) = @
N1
uf = wly+ ) wiyl? ®
i=1

Whered p8 0 denotesthe number of corresponding layer S, 0 is the threshold

(or bias) of the | node in the layer |, ¢y is the input coming from the previous
layer. In equation (2), the sgmoid has been chosen as the adivation function.

The gradient descent method consists of minimising the error by updating the
weights. The training ends &fter reading an accetable error or when processing
the maximum number of iterations. The weights are updated using equation (6), first
the error signals of the output and the hidden layers shoud be cdculated and,
subsequertly, they are given by:

For the output neurons:
e}‘ =f (uj"‘) (dJL - ij) (4)
For the hidden layers:

Msiq
ef = f'(uf) ) (ebiwi! ®)
r=1
The weights inthe hidden and output are updated using the following eguation:
1 — 1 l,,1-1 -
wji(k+ 1) = wy;(k) + aejy; ©)
Wher e defibtesthe learning rate, generally  MU[0,1]. The bigge is the learning

rate the faster is the training. A big learning rate may produce an unstable training
Process.
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Below is presented the algorithm of an ANN-MLP trained using a fistandard
backpropagdion algorithmd algorithm for aneural network with one hidden layer.
1) Define the network structure, assign initial weights randomly.
2) Chosea pattern to process.
3) For eadh node inthe hidden layer
evduate te linea (1) and nonlinea outputs (2).
4) For ead nodein the output layer
i. using the results of step3, evduate the linea (1) ard the non linea
outputs (2)
ii. cdculate he error signas (4)
5) For eat nodeof the hidden layer
evduate theerror signals (5)
6) Update the weights of the hidden and output layers (6)
7) Reped steps 3- 6 for al patterns
8) Evaluate network error as well as the sbpping criteria. If stopping criteria is not
readed, repea steps 2-5.

2. Materials and Methods
2.1. Study area main inputs and data sources

Our casestudy area is Luxembourg and the greaer regon that constitutesa part of
French (Lorraine), Belgium (Wallonia) and German (Rhineland-Palatinate and
Saaland) teriitory, correspondng to a total population of more than 11 million
inhabitants, that is, 3% of the EU-15 Member States @opulation covering 60 401
kmz Thus using a 100mx100m (one hedare) as a spatial resolution led us to ded
with a grid of more than 6 million cdls. The Greder regon over the past few
decales has beaome one of the most attradive regons in Europe [27] with
Luxemboug emeging as an emnamic engine, this country comprises
approximately 500 000 inhahtants and covers 2586 kn2 Even though
Luxembourg is a small country, it has positioned itself as afired cored within the
European Union due to a stong emnamy that is primarily based on finance and
industry. This emnamic strength impads the migration flows which result in
significant residential and daily mohility [2§].

Different fadors charaderise the model Gngpus. The first inpu is land-usein 1990
and in 2000, based on the Corine Land use classification in 100-m resolution [29].
Five land-cover classes are used for simulation; these are urban, industrial, water,
agiculture and forest (teble 1). It is at the land-cover level that we find interadions
and feedbadk medanisms between the different land-cover class caegories. The
seomnd input is the physicd factor which we refer to as slope map. It is given as a
percentage cdculated using a 100-m resolution Digital Elevaion Model (DEM)
[30]. The third input is related to the transport network which will enable us to
evduate the patential impad of the network on urban dynamics and to measure the
distance from the cdl to the given infrastructure (Table 1). In addition to these
different inpus, we have used the Moore neighbourhoad which comprises a grid of
regular cdls with a 3x3 window where ead cell has 8 neighbaurs (table 1). As a
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first step, the inputs of the celular automata model are generated extemaly. In
more predse terms, they are generated using a Geographical Information System
tod (ARC-GIS-10 in this case) and Java before being flearnedd by the neural
network. They are then integrated in the clular artomata asis shown in figure 1
which gives predse details on the conceptual modelling approach.

Table. 1. Description of themodel  énputs i

Category Variahle Deseription

Spatial Urban-neighbours Amount of urban cells
in the 3x3 Moore neighbourhood
Industrial-neighbours Amount of industrial cells
in the 3x3 Moore neighbourhood

Agriculture-neighbours Amount of agriculture cells
in the 3x3 Moore neighbourhood
Forest-—neighbours Amount of agriculture cells
in the 3x3 Moore neighbourhood
Water—neighbours Amount of water cells
in the 3x3 Moore neighbourhood
Transport Transport—neighbours Amount of transport cells
in the 3x3 Moore neighbourhood
Distance—bus-station Distance to the closest bus station (meters)
Distance—train—station Distance to the closest train station (meters)
Distance—highway Distance from cell to the nearest highway access point (km)
Number-hus-station Number of bus stations located 2km away from cell
Number—train—station Number of train stations located 2km away from cell
Physical Slope Slope value of cell (%)
State State of cell

(1: built-up cell, 0: not built-up cell)

Proccessing

Datasets construction

Test Learning ANN CA ]& GIS
dataset dataset Rules
N
Model Model -
performance calibration Ly
(Kappaindex ) (Set of weights) Mapping
| Simulation

Figurel. Conceptual CA based neural network model
2.2. Data preparation for model calibration and lear ning databaseconstruction strategy:

Table 2 summaises the data base for the periods 1990 and 2000 used for
simulation. Different types of ewolution are elucidated: increase, deaease or no
change at dl, as is the case with the transport network which remained unchanged
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due to the fact that there was no new highway between the period 1990 and 2000.
While growth is experienced in some of the land use classes such as the urban and
the industrial classes, other classes such as agiculture and forest regster a slight
deaease. This deaease can be explained by the fad that the growth of built-up
surfaces (industrial and urban) generaly takes place to the detriment of
undevdoped zones such as agicultural or forested aress. The class representing all
the humid (water) zones regstersvery slight growth. This growth canna be easily
explained, but this could be as aresult of measurement errors or of floodng which
could have occurred during the two periods studied. While table 2 highlights the
redity of the class evolutions observed between 1990 and 2000, table 3 presents
the second phase which consistsin cleaning up the data so as to ensure model
convergence within minima cdculation time. This is known as the <reening
processand it makesit possible to eventually work on ared screened baseof 71422
observations. To better adjust the mode, it is essentid to optimise the learning
database. The simplest way to achieve this is to proceed by randam ssmpling (50%
of observation for the learning database and 50% for the testing phase) from the
entire data base. However, in the case study presented here, a 50/50 random
sampling is not ided; on one hard, we run the risk of nat taking into acmunt the
under represented classes which nevatheless determine the changes and the urban
dynamics as is the case for urban and industrial classes, and on the other hand, we
could under-estimate their role in the redism of the model. Subsequertly, to attain
the objective of a readlistic model, we propose a learning database construction
strategy. This consists of targeted sampling (table 4) concerning the urban and
industria classes, thereby guaranteeing their representativity in the cdibration
phase. To awid chocsing one particular division (vegaries), the base division
screened in two parts (training phase and testing phase: the construction method is
described here below) is repeded n times. This medanism is known as cross-
validation and it makes it possible tovalidate the model.

Table 2. Land useand transportation statistics(proportion) in observed periods 1990 and 2000

Year Urban Industrial — Agriculture Forest Water Transport

1990 6.62 1.36 52.87  36.76 0.60 1.79
2000 6.75 1.54 52,57  36.74 0.61 1.79

2
2.

Note: Configuration of the raster grid: squared grid with a resolution of 100100
meters (cell size of lha) and Moore neighbourhood.

In the neural model, detemmining the number of units in the hidden layer is essential
as the efficiercy of the model depends on this parameter. To find the fi ptimal o
number of units, we vary the number of units in the hidden layer between 2 and 20,
and then select the number that minimises the error rate. The ANN-MLP model
is repeaed 10 times in order to estimate the error variation (mean and standard
deviation) deperding on the number of units (figure 2).
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Figure2: Architecture of ANNMLP (outputs: V1, V2, V3, V4 correspond respectively to
urban, industrial, agriculture and forest at time t1=2000; inputs: V5, V6, V7, V8, nbbus:
number of bus stations, nbtrain, nburban, nbinthlshbagriculture, nbforest, nbwa ter,

nbtransport, slope, dist_bus_station, dist_train_station) correspond to all variables/outputs at
time t0=1990 ; described in table 1.

Table 3. Summary of land useclasses, in the datase, in observed periods 1990 and 2000

Class Total dataset Clean dataset

1890 2000 1990 2000
Class # i i i i
Urban 434574 6.62 442064 6.75 14735 20.63 16065 22.49
Industrial 89373 1.36 100994  L.54  TIL1  9.96 8437 11.81

Agriculture 3468220 52.87 3448154 5

2,57 21197 20.68 18773 26.29
Forest 2411034 36.76 2410159 36.74 15382 21.81 15187 21.26
Water 30042 0.60 39081  0.61 3077 431 3240 4.54
Transport 117228 L.79 117228  L79 9720 13.61 97200 13.61
Sum 6559480 100 6559480 100 71422 100 71422 100

Note:  We want a dataset with all the unique observations. Thus a preliminary
step was conducted to remove the duplicate observations from the whole dataset
(6559480 observations). As result, we obtain a clean dataset with unique patterns
with 71422 observations
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Table 4. Summary of land useclasses, in the datasd, after cleaning

Total dataset Training dataset Test dataset
Land use % % %
Urban 16057 27.49 9575 27.33 G482 27.75
Industrial 8410 14.40 5109 14.58 3301 14.13
Agriculture 18773 3214 11316 32.20 T457 31.92
Forest 15161 25,96 9040 25.80 6121 26.20
Sum 71422 100 35040 100 23361 100

In the table below (table 5) (confusion matrix), we present the prediction results
(ANN-MLP (h*=4)) for the testing phase. This matrix makes it possible to merge
the observed and the predicted data. The overal rate of corred prediction is
88.76%.

Table 5: Confusing matrix from ANWILP model using test dataset

Urban  Industrial  Agriculture  Forest  Accuracy (%)

Urban 3741 63 342 a9 88,96
Industrial 76 3363 556 210 70.97
Agriculture 26 191 3835 153 a91.20
Forest 2 135 76 3062 94.93
Reliability (%) 97.29 87.46 0.7 090.43 RE.76

Note: Accuracy and reliability are two common measires obtained from the
confuson matrix (details are given in the next sub -section). The diagoral
elements in the matrix represent the number of correctly classfied pixds of each
class and the off-diagoral elements represent misdassified pixels or the
classificaion errors.

2.3. Kappaindex method for land useacauracy assessment: preliminary analysis

We have used the Kappa Index of Agreement (KIA) method to validate the model
[31] [32] [33]. This method allows us to show the agreement between observed and
simulated acaracy/data. The table 6 represents the confusion matrix of the observed
and the simulated data for the period 2000. The diagona of the matrix represents the
number (also expressed as a percentage) of the acaurately predicted cdls. The
values outside the diagonal represent the simulation errors for the period

2000. The results represented in table 7 generally confirm a good model cdibration
and show the model &cagoadty to replicae the observed redity, that is to say, the
situation in the year 2000.
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Table 6: Confusing matrix between the obserared the simulated land uses in 2000 (in %)

Simulated land uses in 2000
Urban Industrial Agriculture Forest Total
Observed Urban 134135 12 8556 253 442956
land (98.009)  (0.003) (1.932) (0.057) (100}
uses Industrial 435 87731 10852 1940 100958
in 2000 (0.431)  (86.809)  (10.749)  (1.922)  (100)
Agriculture 35725 146 3411132 851 3448154
(1.036)  (0.013) (98.926)  (0.025)  (100)
Forest 8 731 1419 2407845 2410003

(0.000)  (0.030) (0.059)  (99.910) (100)

Note: For the confusion matrix table we have used the value of 0.44 asthe aut off
threshold. This threshold alowed us to calibrate the model: we assgn the cell the
land use classwith maximum probability if this maximum probability exceals the
given threshold and if not the cell keepsit previous state.

Kappa Index of Agreement (KIA) for Overal Kappa:

KIA=( poi Po)/(17 pe) (7)

where, p, represents the observed acarracy or the proportion of ageement. p.
represents the chance ageemert.
Kappa Index of Agreement (KIA) for the category Kappa:

KIA= @i-pi*p)/(pi-pi*p) (8)

where, P; represents the proportion of unit agreement in row [i] at column [i]. P;
represents the proportion of unit ageement for expeded chance ageement in row
[i].

As regards the Kappa results, table 7 presents two types of results. One shows the
model aformance in relation to the entire database studied, that is, the overall
result based on equation (7) and other more detailed results which show the sme
model  daformance in different land usecaegories baseon equation (8). The KIA
results range from 0 to 1 where the values 0 and 1 signify respedively, poa and
perfed ageement. Globaly speakng, as table 7 has shown, there is an amost
perfed agreement between the observed and the simulated situations (table 7).

Table 7: Detailed Kappa results, overall and per land use class

Overall Urban Industrial Agriculture Forest

Kappa 0.983 0.978 0.867 0.976 0.998

Land use maps are considered to be categorical maps and consequently, the kappa
index and other derivative approaches (eg Fuzzy set approach [34]) are thought to
be useful methods for assessing the smilarity between observed and simulated
datases [35]; [36]. However, the kappa method has been highly criticised for
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failing to distinguish whether land use/cover class changes during the transition
phase are drastic or not. Moreover, regardless of the level of change that a given
land use/cover class undergoes, the vaues remain extremdy high. This is
problematic when simulating territories where the urban system is far from
equilibrium (in other words, a city with a phase of exporential urban growth).
However, when simulation is caried out in spaces where the urban systems are in
equilibrium (urban and/or constant growth) as is the case in most European cities
where anticipating exporential urbanisation is no longer feasible, using the kappa
index remains a valid and interesting method to distinguish the differences between
ohserved and simulated situations. This method is also valid when comparing results
within a comparable study area in other words, a similar study area. Howeve, even
though the results are good in general, the kappa index remans inadequate as a
validation method and must be compared with other methods of validation. It is for
this reason tha we propase, in a more detailed contribution, to use other validation
alternatives based on existing models that have aready been tried ard tested such as
Recever Operating Charaderistic (ROC), cross validation or the pattern based
analysis (eg cluster analysis[37]).

3. Simulation results

The anaysis of the results shows that the automata based neura network model
presented in this paper functions well in genera. Indeed, table 8 which
summarises the observed and simulated results up to 2020 shows reasonable
results concerning the ewolution of ead land use class as well as coherency in
simulation. Some of the land use classes expand to the detriment of others. This is
the case of the urban and industrial classes over the agicultura class (Table 8).
This table also $hows that relationships between land use classes appea to be
very complex. This is espedally true for the urban and the industrial classes
which are sometimes difficult to dissociate. Both classes represent artificialised
aress and often interconred in order to constitute continuous, discontinuous or
mixed settlements, a fad that complicates spatiadl modelling. In addition, even if
these two classes are interconneded, they do not have the same level of influence
over eat other becausg, if it is true that an industrial class can i esily/frequentlyo
become an urban zone (after a deaease in industrial adivities in a regon for
example) the contrary isless frequent. The results also show that if the expansion of
urban and industrial classes was continuous, it becane stable with time. This can be
easily explained the land reserves which were available 20 yeas ago ard which led
to a dispersed urbanisation no longer exist. In addition, as the cartographic results
show, urbanisation in 2020 only points to a continuation of previously observed
trends and is located in aready urbanised aress as well as along transport axes
(Figure4).

Actualy, wurban growth is particularly significant around transport
infrastructures. Undoubtedly, interdependence exists; urban growth is stimulated
by the presence of a transport infrastructure and depends on the distance of the land
use class from the transport infrastructure in question (Table 1). The neura
networks as well as the cdlular automata seem to hawve effedively highlighted
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this interadion between thesetwo complex systems namely land use and transport
networks. Moreover, this urban structuring around transport axes explains (Figure
4) the metropditan urban organisation of the Greaer Luxembourg in different axes/
parts of the terribry. A first, highly urbanised, North-West axe corresponds to he
Belgian part of the territory. It is here that we find the largest urban areas such as
Liége or Charleroi. Nex, there is a seamnd Centre-South axe which corresponds to
the Luxembourg and French part of the study areg with linea urbanisation, it is
also represented by large urban centres sich as Luxembourg, Metz and Nancy.
Findly there is athird axe that is lesslinea which corresponds to the German-
Luxemboug part of the Greaer Region with the polarised area on the German
side through Saabriicken. Closeto the pdarised areas, there is a large urban sprawl
over the whale territory. Generally speaking, most of the urban growth takes place
on desirable gaces, that is to say, spaces well adapted for urban growth as they
have less steep slopes (Table 1). Nevetheless, it is important to highlight the faa
that even if there are higher levels of urbanisation in this regon, forested and
agicultura lands take up most of the territory (Table 3 ard table 8). The simulation
results aso confirm that, in addition to the transition rules (good
convergence/couding between CA and ANN), the cdl statesand the neighbourhood
configuration, the influence of spatialy roads and there derivative distances are aso
fully determinant in cdlular automata based models and can induce urban growth
[38].

However, as regards figure 4, by comparing the different situations taken into
acourt (observed and simulated situations in 2000), it appeas that the model
indicatesa highly urbanised zone which was inexistent in the situation observed in
2000 ard which will persist until 2020. Seveaa questions arise: why is this urban
growth situated at this level (and not elsewhere) of the sudy area? Why will it
persist up to 2020? Why is the urban class that is hardly present in this area
overestmated and not the forest class which is very close-by and which also
dominates this particular part of the territory? Is it due to the fad that the forest
classis located on a highly steep slope considered to be repulsive to urbanisation?
We can propose a few answers but these must be treated with caution. First, as
regads the model, and more spedfically at the model cdibration level which uses a
neural network which clearly overestimates urbanisation in this part of the
territory compared to the situation observed. This suggeststhat the neural network
proposes a stonger attradion between the urban class and the agricultural class than
with the other classes in the immediate vicinity and tha it is undoubtedly necessay
to stabilise the connedions between the urban class and the agricultura class soas
to maintain over time a more redistic model. However, this does not explain why
we observe this here and not elsewhere. This cdls for further refledion and
discussion in our current ard future reseach projects. Seandly, beyond the model,
it appeas that this urban growth, even though nonexistent in the situation
observed, is not unredistic as it takes place close to a vast transport network
where the industrial classes are also locaed. Moreover, this urban growth (which
is discriminatory) takes place to the detriment of agicultural spaces as the latter
are highly desirable and favourable for urban devdopment (high suitability area for
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urbanisation). This is a phenomenon that we have observed in our different studies
and which is adaily redity in our regons.

Table 8: Simulated land use changes by classdtates (%)

Figure4: Cartographic simulation results: The Greaer Luxembourg in 2020.
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